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ROYAL HOLLOWAY, UNIVERSITY OF LONDON 
Abstract
Department of Economics 
Doctor of Philosophy 
Essays in Environmental Economics and Human Capital 
by Sefi Roth 
This PhD thesis examines the link between air pollution and human capital. The first two 
chapters evaluate the effect of short-term exposures to ambient and indoor pollution on test 
scores. I exploit the panel structure of the data to estimate models with individual fixed effects. I 
find that exposure to elevated levels of ambient and indoor pollution has a statistically and 
economically significant effect on high school exit exams in Israel and on university 
examinations in the UK.  In the third chapter I study whether random disturbances during high-
stakes examinations, induced by pollution, have long-term consequences for schooling and labor 
force outcomes. To do this I examine the same Israeli students 10 years after graduation and find 
that exposure to ambient pollution during their high school exit exams is negatively associated 
with post-secondary educational attainment and earnings. Overall, this thesis shows that a narrow 
focus on traditional health outcomes, such as hospitalization, may understate the true cost of 
pollution and highlights how reliance on noisy signals of student quality can lead to allocative 
inefficiency. 
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Introduction 
Air pollution has significant consequences for human health and life expectancy (Pope et 
al. 2009, Chay and Greenstone 2003). Researchers have documented that short-term exposure to 
air pollution may affect respiratory and cardiovascular conditions, such as asthma and heart 
attacks (Pope at al., 1995; Dockery, 2009; Donaldson et al., 2000; Weinmayr et al., 2010).  
Human intake of pollution can also lead to milder health effects such as irritation of the airways, 
coughing or difficulty breathing
1
. Despite the empirical evidence on links between air pollution
and human health, the literature on the effect of pollution on cognitive performance is 
exceptionally scarce. A potential link between pollution and cognitive performance would imply 
that a narrow focus on traditional health outcomes may understate the true cost of pollution as 
mental acuity is essential to productivity in most professions. 
The first chapter of this thesis evaluates this important relationship by estimating the 
effect of ambient pollution exposure on standardized test scores among Israeli high school high-
stakes tests (2000-2002). Since students take multiple exams on multiple days in the same 
location after each grade, we can adopt a fixed effects strategy estimating models with city, 
school, and student fixed effects. we focus on fine particulate matter (PM2.5) and carbon 
monoxide (CO), which are considered to be two of the most dangerous forms of air pollution. 
We find that while PM2.5 and CO levels are only weakly correlated with each other, both exhibit 
a robust negative relationship with test scores. We also find that PM2.5, which is thought to be 
particularly damaging for asthmatics, has a larger negative impact on groups with higher rates of 
asthma. For CO, which affects neurological functioning, the effect is more homogenous across 
1
 For further details on such effects see http://www.epa.gov/pm/health.html 
9
 
 
demographic groups. Furthermore, we find that exposure to either pollutant is associated with a 
significant decline in the probability of receiving a Bagrut certificate, which is required for 
college entrance in Israel. 
In the second chapter I examine whether mental acuity is associated with indoor air 
quality using a sample of university final examination results from a British higher education 
institution. To the best of my knowledge this study is the first to estimate the effect of indoor air 
pollution on cognitive performance with indoor pollution measures.  This is of particular 
importance as most jobs are indoors and mental acuity is essential to productivity in most 
professions. To account for potential confounders, I exploit the panel structure of the data to 
estimate models with subject and student fixed effects. I find that exposure to elevated levels of 
particulate matter (PM10) has a statistically and economically significant effect on test scores and 
long-term academic indicators that are potentially correlated with future career outcomes. 
Furthermore, I find that the effect is larger among male, high ability and STEM subgroups and is 
present at levels considerably lower than current EPA standards. The results suggest that a 
narrow focus on traditional health outcomes, such as hospitalization, may understate the true cost 
of pollution as indoor air quality also affects productivity.  
The third chapter evaluates whether random disturbances to cognitive performance 
during high-stakes exams can have permanent consequences for long-term schooling attainment 
and labor market outcomes. We examine this hypothesis among Israeli high school students who 
took a series of high stakes matriculation exams between 2000 and 2002. As a source of random 
(transitory) shocks to high-stakes matriculation test scores, we use exposure to ambient air 
pollution during the day of the exam. First, we document a significant and negative relationship 
between average PM2.5 exposure during exams and student composite scores, post-secondary 
10
educational attainment, and earnings during adulthood. Second, using PM2.5 as an instrument, we 
estimate a large economic return to each point on the exam and each additional year of post-
secondary education. Third, we examine the return to exam scores and schooling across sub-
populations, and find the largest effects among boys, better students, and children from higher 
socio-economic backgrounds. The results suggest that random disturbances during high-stakes 
examinations can have long-term consequences for schooling and labor market outcomes, while 
also highlighting the drawbacks of using high-stakes examinations in university admissions. 
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Chapter 1 
The Impact of Short Term Exposure to Ambient Air 
Pollution on Cognitive Performance and Human 
Capital Formation
1.1 Introduction 
Ambient air pollution has significant consequences for human health and life expectancy 
(Pope et al. 2009, Chay and Greenstone 2003). Researchers have documented that short-term 
acute exposure to particulate matter decreases circulatory performance and leads to increased 
illness and hospitalization rates (Pope et al. 1995). Exposure to fine particulate matter is 
particularly dangerous since these small particles penetrate deep in to the lungs and may also 
affect other aspects of human life, such as cognitive performance, due to their impact on blood 
flow and circulation (Pope and Dockery 2006). Recent work has also demonstrated a link 
between carbon monoxide and higher incidents of respiratory and heart related emergency room 
visits (Schlenker and Walker 2011). Medical research has also identified symptoms that point to 
a diagnosis of carbon monoxide poisoning, including headaches, dizziness, and confusion 
(Piantadosi 2002). A potential link between cognition and harmful forms of ambient air pollution 
would suggest that the benefit of pollution reduction could be underestimated by focusing only 
on health outcomes (Chay and Greenstone 2005). However, evidence documenting a link 
between cognition and ambient air pollution is extremely limited. A potential link between 
cognitive performance and pollution exposure would imply high costs of pollution in terms of 
lost labor productivity, as mental acuity is critical to productivity for many occupations. 
12
There are several challenges posed in trying to estimate the relationship between 
cognitive performance and air pollution. First, ambient pollution is often correlated with other 
factors correlated with wellbeing, such as wealth, generating a potential source of omitted 
variables bias that is similar to the challenges faced in measuring the health impact of air 
pollution. However, measuring air pollution’s impact on cognition poses unique challenges as 
well. First, unlike with health problems, poor cognitive outcomes are generally not measured 
precisely. Whereas short-term dysfunction can result in a hospital admission, short-term 
cognitive decline is unlikely to be recorded. Even if short-term cognitive dysfunction results in 
injury, such as from a car accident, it is unlikely that this will be recorded in a systematic 
manner. In our study, since we observe students engaged in a difficult mental task with precise 
measurement of performance, it is more likely we can observe an effect (if there is one). A 
second issue is that cognitive tests (e.g. IQ) are only administered to self-selected groups, such as 
military recruits, making samples less representative than in samples of individuals exposed to 
air pollution with observed health outcomes. As we will describe, since the Israeli examination 
we analyze in our study is taken by nearly all high school students, and our dataset includes the 
entire universe of test takers, our results presumably have more external validity than results 
generated from a self-selected group. 
In this paper, we examine a unique data set of merged high school high-stakes exit exams 
(Bagrut tests) and pollution data for the universe of Israeli test takers during 2000-2002 where 
we observe pollution and outcomes for over 400,000 subject examinations. Since we observe the 
same student at multiple test administrations following each year of high school, we can control 
for both time invariant features of both a school and of a particular student. The rigorous nature 
of the Bagrut tests and the precise scoring of the exams provide a context to analyze a potential 
13
link between cognition and air pollution, even if there are only modest declines in cognitive 
performance due to pollution. Furthermore, Israel’s small size and well-developed monitoring 
system implies that most of its testing locations are near a station where we observe precise 
levels of pollution concentration. Lastly, Israel’s ethnic heterogeneity provides a context to 
examine the responsiveness of different groups to pollution, and potentially distinguish between 
different mechanisms by which pollution may affect cognitive performance.  
In this study, we examine the impact of fine particulate matter and carbon monoxide 
exposure on exam outcomes. These two pollutants are particularly harmful to human health, and 
are available in the data provided by the Israeli monitoring system. We find that a 10 unit 
increase in the ambient concentration of fine particulate matter (PM2.5) as measured by the Air 
Quality Index (AQI) reduces Bagrut test scores by .46 points, or roughly 1.9% of a standard 
deviation of the Bagrut (σ =23.7). Alternatively, relative to a day with average air quality, a 1 
standard deviation increase in the PM2.5 AQI value (σ =22.81) is associated with a .65 point 
decrease in score, or 2.8% of a standard deviation. We also find that a 10 unit increase in the 
ambient concentration of carbon monoxide (CO), as measured by the Air Quality Index (AQI), 
reduces Bagrut test scores by .85 points, or roughly 3.5% of a standard deviation. This implies 
that relative to a day with average air quality, a 1 standard deviation increase in the CO AQI 
value is associated with a .54 point decrease in score, or 2.4% of a standard deviation. We also 
examine whether pollution has a non-linear impact on test takers using specifications where we 
include dummy variables for clean, moderately polluted, or very polluted days. We find that our 
results are largely driven by poor performance of test takers on very polluted days, with an AQI 
reading above 101 for PM2.5 associated with a decline in test score of 1.95 points, or 8.2% of a 
standard deviation. For CO, test administrations in the top 5% of most polluted days are 10.16 
14
 
 
points lower, a decline of 42.8% of a standard deviation. These results suggest that modest 
pollution levels have only a marginal impact, but very polluted days can have much larger 
impacts, suggesting a non-linearity in pollution’s relationship with cognitive performance. In 
several placebo exercises, we find that the correlation between Bagrut test scores and pollution 
readings other than the test pollution level is insignificant in most specifications, further 
supporting our claim of a causal interpretation to our results. Our results also indicate that test 
outcomes for afternoon examinations are more affected by carbon monoxide than morning 
examinations. This is consistent with a prior that carbon monoxide, which is generated primarily 
by automobile emissions, will worsen over the course of the day. Our results for fine particulate 
matter, which are primarily the byproduct of sandstorms and coal-burning power plants, are 
more similar for morning and afternoon examinations. 
 We examine mechanisms for our findings by estimating treatment effects for different 
groups in Israel, in combination with a prior on how each pollutant should affect test takers. In 
particular, we find that demographic groups with higher rates of asthma have larger treatment 
effects of PM2.5, suggesting that exacerbation of respiratory health problems could be a 
mechanism for pollution to affect test outcomes. Our results for PM2.5 seem to be consistent with 
the patterns of relative risk for asthma found by Laor et al. (1993) from military records in Israel, 
which reflect much higher incidence among boys and Ashkenazi Jews, and among lower socio-
economic groups in other countries (Basagana et al. 2004, Eriksson et al. 2006). Carbon 
monoxide exposure, which is thought to decrease neurological functioning, has a more 
homogenous impact on Israel’s demographic groups. This may be due to a more similar 
responsiveness to carbon monoxide poisoning, which may affect all individuals, even those 
without prior respiratory conditions. 
15
We also find that exposure to PM2.5 or CO on examination days has a significant impact 
on a particular student’s long-term academic outcome, and potentially has implications for the 
welfare consequences of using the Bagrut for ranking students. We find that a one standard 
deviation increase in the fraction of exam days that are heavily polluted is associated with a 2.19 
and 2.70 percentage point decline in the probability of receiving a Bagrut matriculation 
certificate for PM2.5 and CO respectively. Note that this certificate is a prerequisite for college 
entrance, preventing some students from accessing higher education. In addition, since access to 
college majors is also determined by Bagrut performance, air pollution may have long-term 
consequences for students who pass the Bagrut but are forced to choose a less desirable college 
major. An implication of this finding is that by temporarily lowering the productivity of human 
capital, high pollution levels lead to allocative inefficiency as students with lower human capital 
are assigned a higher rank than their more qualified peers. This may lead to inefficient allocation 
of workers across occupations, and possibly a less productive workforce. The results highlight 
the danger in assigning too much weight to a student’s performance on a high-stakes exam, 
rather than their overall academic record.   
Our results provide novel and compelling evidence that cognition is affected by air 
pollution exposure. Epidemiologists have examined the relationship between air pollution and 
cognition, but the evidence is generally cross-sectional in nature, with little attention paid to a 
potential correlation between omitted variables and pollution. For example, Suglia et al. (2008) 
found that in a sample of 202 children, those living near higher levels of black carbon (which is a 
solid fraction of PM2.5) performed worse on cognitive function assessments. Wang et al. (2009) 
found that children in higher-traffic areas (with higher levels of carbon monoxide) performed 
worse on neurobehavioral examinations. Both of these studies, however, were cross-sectional in 
16
 
 
nature and did not account for a potential correlation between unobservable determinants of test 
outcomes and the measures pollutants. Our examination of Israeli Bagrut exams is, to our 
knowledge, the first attempt to measure fine particulate matter and carbon monoxide’s impact on 
cognitive performance using rich data and a panel approach.
2
 Our results underscore the need for 
tighter pollution regulations relative to policy made taking only human health effects into 
account. The results may also highlight a mechanism by which individuals in highly polluted 
areas, such as those living in cheaper industrial areas of cities, could have economic 
disadvantage exacerbated by pollution (Brown 1995). 
The rest of the paper is laid out as follows. In the second section, we present background 
on the Israeli context, and summarize in greater detail the relevant existing work on acute air 
pollution and human welfare. Section III presents our data and Section IV presents our empirical 
strategy. In Section V, we present our empirical results and in Section VI we conclude. 
 
1.2 Background and Data 
1.2.1    Air pollution and Cognitive Performance 
We consider two air pollution measures. Our first air pollution measure is particulate 
matter (PM2.5), which is a complex mixture of solid and liquid microscopic droplets found in the 
air that consists of various components including acids, metals, dust particles, organic chemicals 
and allergens. In Israel, the main sources of particulate matter are sand storms, coal-burning 
power plants, and certain industrial processes. Our second air pollution measure is carbon 
                                                 
2
 These results contribute to a limited but growing literature in economics documenting that a narrow focus on 
hospitalization rates or excess mortality rates may understate the impact of air pollution on human wellbeing, though 
these studies focus primarily on consequences of illness rather than a direct impact on cognition. Currie et al. (2009) 
find that carbon monoxide exposure increases absenteeism among elementary and middle school children students. 
Oliva and Hanna (2015) present evidence that labor supply is reduced in Mexico City on days with high pollution 
levels. Ham et al. (2011) examine the relationship between pollution and test scores using data from California 
elementary schools. They find significant but modest effects for ozone, fine particulate matter, and coarse particulate 
matter. However, they are unable to observe the same student over multiple examinations, and are therefore forced 
to rely on grade-school fixed effects. 
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monoxide, which is generated by automobile emissions, fossil-fuel furnaces, and fires 
(Piantadosi 2002). Human intake of particulate matter or carbon monoxide inhibits proper blood 
flow, leading to elevated risk of heart disease, stroke, and lung cancer (Dockery and Pope 1996; 
Schlenker and Walker 2011). It is less clear whether either of these air pollutants affect 
cognition. Since the brain consumes a large fraction of the oxygen needs of the body, any 
deterioration in oxygen quality can in theory affect cognition (Clark and Sokoloff, 1999). Long-
term exposure to ambient pollution can lead to the growth of white-matter lesions, potentially 
inhibiting cognition (Calderón-Garcidueñasetal et al. 2008). Air pollution can also impact the 
nervous system, leading to symptoms such as memory disturbance, fatigue and blurred vision 
(Kampa and Castanas, 2008), and may also impact labor productivity (Graff Zivin and Neidell 
2012). Fine particle matter can also travel through small passageways, suggesting that high 
levels of pollution may affect test takers even indoors (Branis et al. 2005). These papers provide 
compelling evidence that cognition may be affected by pollution. They also suggest that while 
particulate matter may affect the respiratory system, carbon monoxide will primarily affect the 
release of oxygen to human tissues, including the brain. This implies that particulate matter may 
have a larger impact on sensitive or unhealthy groups – such as asthmatic groups – while carbon 
monoxide will affect healthy and unhealthy groups more similarly. However, as stated by Suglia 
et al. (2008), “the possible neurodegenerative effect of air pollution remains largely unexplored.” 
The Israeli Bagrut examination provides a unique context to assess the relationship empirically, 
which is discussed in the next section.  
1.2.2 The Israeli High-School Matriculation Exam System 
Israeli post-primary education consists of middle school (grades 7–9) and high school 
(grades 10–12). High-school students are enrolled either in an academic track leading to a 
18
matriculation certificate (Bagrut in Hebrew
3
) or in a vocational track leading to a high-school
diploma. The matriculation certificate is a prerequisite for university admission and is one of the 
most economically important education milestones. Students complete the matriculation process 
by passing a series of national exams in core and elective subjects following tenth grade and 
eleventh grade, and then a larger set following twelfth grade. Students choose to be tested at 
various levels of proficiency, with each test awarding the student between one and five credit 
units per subject, varying by the difficulty of the exam. The exam focuses on seven mandatory 
subjects and one elective subject, allowing us to observe students completing exams with 
separate grades for each subject.
4
 The most basic level of study is three credits and a minimum of
twenty credits is required to qualify for a matriculation certificate. About 52 percent of high-
school graduates in 2002 and 46 percent of the overall cohort received matriculation certificates.
5
The examinations are given bi-annually during the two exam “seasons”, a winter 
examination given in January and a summer examination in May/June, and are graded by two 
independent and anonymous examiners. The Bagrut final score in each subject is a simple 
average of the Bagrut exam score and a school score, or Magen score, on this subject. The 
Magen score is based on a school exam (the Matchonet examination)
6
 that precedes the Bagrut
exam by week to three weeks and has the same format as the nationally-administered Bagrut 
exam, except that it is graded by the student’s secondary school subject teacher and on the 
3
 Many countries and some American states have similar high-school matriculation exams, e.g., the French 
Baccalaureate, the German Certificate of Maturity (Reifezeugnis), the Italian Diploma di Maturità, the New York 
State Regents examinations, and the recently instituted Massachusetts Comprehensive Assessment System. 
4
 The seven core subjects are Math, English, Hebrew, History, Literature, Religious Studies and Civics. It is possible 
to be awarded a Bagrut certificate despite a failing mark on one of the exams if one of following conditions is 
satisfied: (1) the mark is not below 45 (2) the mark is below 45 but the candidate has two more exams with 3 credit 
units or more that their scores combined sums to at least 150 (3) the failing mark is not in the Hebrew subject exam. 
5
 See the Israel Ministry of Education web site (www.education.gov.il) and Lavy (2002). 
6
 This exam is called matkonet, derived from the word matkon, recipe, meaning that the school exam follows the 
“recipe” of the state exam. The school exam follows the exact format of the Bagrut exam and it also draws its 
questions from the same bank of questions used for the Bagrut exam. 
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student’s overall performance in this subject during the academic year. We only observe the 
overall Magen score and not its two components. The weights of these two factors can vary and 
the overall Magen score is therefore a natural measure for ranking the students in terms of 
quality which we use in our analysis to stratify the sample. 
Students are admitted to post-secondary programs on the basis of their average 
matriculation scores and based on an SAT-style examination from a psychometric examination 
administered by the National Testing Center. Each higher education institution ranks applicants 
according to the same formula, thus producing an index based on a weighted average of the 
student’s average score on all her matriculation exams and the SAT-style examination. 
Therefore, pollution levels can affect students’ post-secondary schooling by affecting their 
probability of passing Bagrut exams, and also by affecting the average score in these exams. The 
first channel will affect the eligibility for post-secondary admission while the second will affect 
which programs (or majors) will be available to the student.  
1.2.3    Data 
Our data set is generated by combining Israeli test score data with air pollution and 
meteorological data for 2000-2002. The Bagrut exam information and demographic information 
for each test taker were provided by the Israeli Ministry of Education. These files also contain 
each student’s Israeli identification number, allowing us to observe rich demographic 
information on the student and the student’s family, such as parental education level, country of 
origin, and ethnicity. For each exam, we also know the exact date of the test and the precise 
location of the testing site, allowing us to assign pollution measures to each test administration. 
Our pollution data are taken from files published by the Israeli Ministry of Environmental 
Protection, which reports daily mean readings of particular matter less than 2.5 microns in width, 
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or PM2.5 (µg/m
3
) and carbon monoxide (CO) at 139 monitoring stations throughout Israel for the
sample period (see Figure 1.1).
7
 Readings are taken at 5 minute intervals and averaged over the
course of the day. 
Each school is assigned the average pollution reading for all monitoring stations within 
the city limits in which it is located, or within 2.5 kilometers of the city limits. Since Israeli cities 
are not very large, we generally are taking readings from stations very close to the schools. 
While we ideally would have a measure of pollution inside the classroom, the air quality inside a 
school is presumed to be highly correlated with the ambient reading outdoors (Branis et al. 
2005).  Schools that had no monitoring station within the city limits or 2.5 kilometers of the city 
limits were dropped from the sample.
8
 These stations also record temperature and relative
humidity, which are used as control variables. We assign pollution and weather to each test by 
averaging all non-missing values among stations within 2.5 kilometres of the test site. Our 
analysis is executed using the Air Quality Index (AQI) measurement associated with our PM2.5 
and CO readings. The AQI measure converts the pollutant measures in micrograms (µg/m
3
) into
an index score that ranges from 0-500 using a formula specified by the US EPA.
9
 The US defines
values above 101 as “unhealthy for sensitive groups” and values above 150 as “unhealthy”. In 
our empirical analysis, we classify air quality on a particular day as being beyond the threshold if 
the PM2.5 (AQI) reading is greater or equal to 101 (AQI). Since Israel’s CO measures are 
7
 The Israeli monitoring system also records readings for a set of other pollutants. In this paper we focus on PM2.5 
and CO since these are considered among the most harmful, and are monitored most extensively by the monitoring 
system. We also examined the relationship between PM10 and SO2 and test score data, finding zero effects for PM10 
and modest effects of very high levels of SO2. The results are available from the authors upon request. 
8 Since Israel’s population is densely concentrated in several metropolitan areas, this led to the dropping of less than 
5% of schools. 
9
 We used the EPA’s breakpoints table (see Table A3.1) and the following formula to generate the PM2.5 (AQI) 
measurement: PM2.5 (AQI)={(IHI-ILO) / (BPHI-BPLO)} (CP-BPLO) + ILO. Where CP is the rounded concentration of the 
pollutant, BPHI is the breakpoint that is greater than or equal to CP, BPLO is the breakpoint that is less than or equal to 
CP, IHI is the AQI value corresponding to BPHI and ILO is the AQI value corresponding to BPLO. A similar formula is 
used for CO. 
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relatively lower, and have few days where the AQI score exceeds 101, we chose a lower 
threshold where we generate a dummy for a test occurring on a day in the top 5 percent of the 
most polluted days. 
It is also worth noting that the correlation between our two measures of pollution is very 
close to zero (R=.0028).
10
 The two pollutants are associated with different causes: particulate
matter is generated by sand and dust storms and coal-powered electric plants, whereas carbon 
monoxide is associated with high traffic density or other combustion processes. As such, this 
provides an opportunity to exploit two different and largely independent measures of pollution to 
assess the link between air pollution and cognitive performance. 
The summary statistics for our sample are presented in Table 1.1. Our sample includes 
489,419 examinations taken by 71,383 students at 712 schools throughout Israel. Our key 
variables are the measures of PM2.5 (µg/m
3 
or AQI), CO, and our standardized test outcomes in
Bagrut exams. We also use the Magen score as a proxy for student quality that can be used to 
stratify the sample. This score is determined primarily by a test which is a similar to the Bagrut 
test a few weeks prior to the Bagrut, and by the student's course grade.  In columns (2)-(4), we 
stratify the sample by sex and Magen score. The table indicates that girls perform somewhat 
better than boys on the exam. Also, as anticipated, the students who have higher Magen scores, 
and are placed in our top quality group, have on average higher Bagrut scores and come from 
more educated families. The parents of the higher Magen group have, on average, some 
postsecondary schooling, whereas parents of the lower Magen group have, on average, less than 
a high school diploma. The lower Magen group also come from larger families (more siblings) 
10
 In a robustness check, we estimate whether there is a conditional correlation between the two pollutant measures 
by estimating models with the two pollutants simultaneously, shown in Table A1.2. Our results indicate that the 
results are largely unchanged by including both measures in the same model for our dichotomous measure of 
pollution, but the result for our continuous measure of PM2.5 is significantly reduced for models with student fixed 
effects. This is discussed in the empirical results section. 
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and are more likely to be of African/Asian ethnic origin (Sephardi). These means are not shown 
in the table but are available from the authors, and provide additional indication that the students 
in the low Magen group are from more disadvantaged socio-economic backgrounds. This 
characterisation of the low Magen group will feature in our later discussion of potential 
mechanisms for our results, since the incidence of asthma is much higher among disadvantaged 
populations.  Also note that Table 1.1 indicates that air pollution, temperature, and humidity do 
not vary by gender or Magen score. For example, the mean PM2.5 AQI index for boys and girls is 
similar: 59.5 and 59.9, less than a tenth of a standard deviation. Similarly, the average PM2.5 AQI 
index value for high and low Magen students are 60.1 and 59.5 respectively, and the mean 
temperature of the days of exams for both groups is 23.8. The balancing of our data on 
observables when stratified by these groupings by gender and by our measure of student quality 
is important in light of our findings that the effect of pollution is very different for these sub-
populations. We discuss this further in the empirical section, but the similarity on observables is 
suggestive evidence that selection on unobservables is unlikely to be driving our results.  
1.3 Empirical Strategy 
Our estimation strategy is relatively straightforward. We estimate OLS models where we 
examine the partial correlation between our air pollution measures and test scores outcomes. For 
identification, we crucially rely on the panel structure of the data and the repeated nature of the 
Bagrut exam. Since we observe the exact location of the test, we can include city or school fixed 
effects. Since we observe the students taking exams following each grade, we can include 
student fixed effects. Formally, the models we estimate are of the following form: 
istiltstststitist ILMRHTempPOLXR   3210)1(
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where istR  is the test score of student i at school s at time t; itX is a vector of individual 
characteristics possibly related to test outcomes, such as parental education
11
; stPOL is our 
measure of air pollution (PM2.5 or CO) at school s at time t; stTemp is the mean temperature
12
at
school s at time t; stRH is the relative humidity measure at school s at time t;  tM and lL are
month and exam proficiency level fixed effects respectively; iI is our fixed effect for the 
individual; and  is an idiosyncratic error term. Note that in different specifications we will use 
city or school fixed effects in place of our individual fixed effects. 
The key identifying assumption for inferring a causal relationship between pollution and 
test scores estimated by equation (1) is that unobserved determinants of student’s test scores are 
uncorrelated with ambient pollution. Without any fixed effects to absorb unobserved variation in 
schools or individuals, this assumption is likely violated since it is likely that pollution is 
correlated with time invariant features of a testing location or a particular student. For example, 
if poorer schools are located in more polluted parts of cities, OLS will likely overstate the causal 
link between pollution and test scores. Conversely, if schools in denser (and wealthier) cities 
have more pollution exposure, OLS might understate the true cost of pollution, as it is mitigated 
by other compensating factors (e.g. tutoring). More generally, endogenous sorting across 
schools, heterogeneity in avoidance behavior, or measurement error in assigning pollution 
exposure to individuals will all bias results that do not properly account for unobserved factors 
correlated with both our outcome of interest and ambient pollution (Moretti and Neidell 2011). 
In our setup, since we account for time invariant features of schools and students with fixed 
11
 Our results with individual fixed effects exclude individual controls. 
12
 In the empirical analysis, we include linear and quadratic terms in both temperature and humidity, and linear and 
quadratic interaction terms of the two variables. 
eist
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effects, the challenge relevant to our estimation is to account for omitted variables that are 
varying over time but are potentially correlated with pollution and Bagrut outcomes. For 
example, if weather or traffic the day of the exam is correlated with pollution, our fixed effects 
models will fail to identify the true effect. In our empirical analysis, we include controls for time-
varying factors that could be contemporaneous with pollution, such as daily temperature and 
relative humidity, but of course it is untestable whether there are factors that are unobserved that 
are both correlated with pollution and Bagrut exam scores. As such, we conduct a rich set of 
robustness checks and placebo tests. These are discussed further in the next section. 
1.4 Empirical Results 
1.4.1 Main Results 
In Table 1.2, we report our baseline results of the relationship between the Air Quality 
Indicator values for PM2.5, CO, and Bagrut test scores. In columns (1) and (2) of Panel A, we 
report the correlation between Bagrut scores and a continuous measure of PM2.5 (AQI) using 
OLS without city, school or student fixed effects. In column (1), we estimate that a 1 unit 
increase of PM2.5 is associated with a 0.055 points decrease in a student’s test score, significant at 
the 1% level. The results also indicate that a relatively small part of the variation in test scores 
(R-squared = 0.003) is explained by air pollution. This result indicates, as one would expect, that 
variables other than air pollution are responsible for the vast majority of the variation in test 
scores. In column (2) we report the results with the addition of controls for parental education, 
sex, temperature, relative humidity and dummies for the month of the exam and difficulty of the 
exam. The results are similar and slightly larger in magnitude, with our coefficient estimate 
indicating that a 1 unit increase in pollution is associated with a 0.065 decrease in a student’s 
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score. Note that the sample with controls is roughly 20% smaller, as we have incomplete 
demographic information for these individuals. The similarity of the results with and without 
controls, and with the smaller sample size, is suggestive that there is no strong correlation 
between observables and pollution. We also used the smaller sample to estimate the OLS 
regression without any controls and obtained estimates almost identical to those reported in 
column 1, which suggest the sample of students with some missing characteristics is not on 
average selectively different from the rest of the sample.  
In columns (3)-(5) of Table 1.2, we take advantage of the panel structure of our data and 
include city, school, and student fixed effects, respectively. These account for variation in time-
invariant unobserved heterogeneity that could be correlated with ambient pollution. The 
estimates from a regression with city or school fixed effects in columns (3) and (4), are 
somewhat larger, with estimated coefficients of -0.082 and -0.069 respectively. Adding student 
fixed effects weakens the results slightly, with our preferred estimate indicating that a 1 unit 
increase in PM2.5 is associated with a 0.046 (σ =0.007) decline in the Bagrut score. This estimate 
implies that a test score in an exam on a day with average pollution (AQI=59.74) will be lowered 
relative to an exam taken on a day with the minimum pollution level (AQI=10.1) by 0.10 
(.046*(59.7-10.1)/22.8) standard deviations. Our results for CO in columns (6-10) largely mirror 
our results in columns (1-5). Our results in column 10 indicate that a 1 unit increase in CO is 
associated with a 0.085 (σ =0.017) decline in the Bagrut score, significant at the 1 % level. Note 
however that since the Israeli monitoring system failed to collect CO readings at all stations 
during our sample period, our PM2.5 analysis is based on a much larger sample.
13
13
 We investigated whether there was something systematic about which stations did not collect CO measures. We 
found no noticeable pattern in our data, though coverage for CO was much poorer in northern Israel and in the areas 
surrounding Haifa.  
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In Panel B, we perform a similar analysis but replace our continuous measure of pollution 
with a dichotomous indicator for whether the test occurred in a day classified as having “poor” 
air quality. The results are qualitatively similar to the results using the continuous measure for 
PM2.5 but much larger for CO. Specifically, in our specification in column 5 where we include 
student fixed effects, the data indicate that having “poor” PM2.5 air quality the day of the exam is 
associated with a 1.95 point decline in the student’s Bagrut score, equivalent to 8.2% of a 
standard deviation.  Our specification in column 10 indicates that having “poor” CO air quality 
the day of the exam is associated with a 10.16 point decline in the student’s Bagrut score, 
equivalent to 42.8% of a standard deviation.
 14
The effect of PM2.5 on Bagrut scores for the 99
th
 percentile of exposure in our sample
(AQI=137) is very large and implies a decline of roughly a sixth (.149) of a standard deviation 
relative to an average day. This effect is similar to the estimated effect of reducing class size 
from 31 to 25 students (Angrist and Lavy, 1999) and larger than the test scores gains associated 
with paying teachers large financial bonuses based on their students’ test scores (Lavy, 2009). 
Unfortunately, days with elevated levels of particulate matter are not unusual in Israel and in 
neighboring countries in the Middle East, as they are often the result of sandstorms that originate 
in the Sahara desert and are relatively common in the spring and summer months, with serious 
health effects (Bell et al. 2007). For CO, our results similarly suggest a large response of students 
to very poor days. The 99
th
 percentile of CO, AQI=56, would imply a similar decline of .158
standard deviations relative to a day with average levels of CO. Since Israel’s CO level is 
actually quite similar to the levels found in other large cities, such as Los Angeles, CA,
15
 and
14
 It is also worth noting that the CO results for our threshold measure of pollution may be affected by several 
extremely polluted exam administrations. In the highest CO reading, students were subjected to AQI=270, roughly 
twenty times the average reading. 
15
 http://www.usa.com/los-angeles-ca-air-quality.htm 
27
may indicate that these results may affect student performance in polluted areas of these cities as 
well. 
In light of the fact that PM2.5 and CO are only weakly correlated, these results suggest a 
robust relationship between different air pollution measures and test scores, as two largely 
independent pollution measures are associated with appreciable declines in test scores. To 
explore the role of each pollutant further, in Table A1.2 we estimate models where both 
pollutants are included simultaneously. The results indicate that our dichotomous measure of 
each pollutant’s impact is extremely robust to simultaneous estimation, and the continuous 
measure for CO is almost unchanged by the inclusion of PM2.5. However, our continuous 
measure of PM2.5 is weakened by inclusion of CO in models with student fixed effects. This may 
be because our sample for PM2.5 is more than twice as large as our sample for CO, and partly due 
to a weak residual correlation with CO. 
In Table 1.3, we report results where we examine whether pollution has a non-linear 
impact on test takers using specifications where we include dummy variables for clean, 
moderately polluted, or very polluted days.
16
 For PM2.5, we define moderately polluted days as
days where the AQI score ranges from 51-100 (which the EPA defines as moderate pollution) 
and AQI scores above 101 (which the EPA defines as unhealthy for sensitive groups) as poor or 
very polluted days (see Table A1.1). Since our CO scores are consistently lower than our PM2.5 
scores (a mean score of 13 versus a mean score of 59 for PM2.5), we define moderately polluted 
days as days above the median pollution level and below the top 5% of the most polluted days, 
and very polluted days as the top 5% of the sample’s CO readings. Column 5 indicates that 
having poor air quality from PM2.5 exposure the day of the exam is associated with a 2.89 point 
16
 It is worth noting that students cannot reschedule their examination, and so avoidance behavior in response to high 
pollution on the day of the Bagrut is unlikely to be common. 
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decline in the student’s Bagrut score, which is more than double the size of the coefficient for 
moderately polluted days. Similarly, Column 10 indicates that having “poor” CO air quality the 
day of the exam is associated with a 10.89 point decline in the student’s Bagrut score, which is 
more than ten times the size of the coefficient for moderately polluted days. These results 
indicate that our results are largely driven by poor performance of test takers on very polluted 
days, suggesting that pollution’s impact on cognitive performance is mostly relevant on days 
with very poor air quality. 
1.4.2 Placebo Tests 
In this section, we perform a set of placebo tests where we examine the relationship 
between air pollution on days other than the actual exam and exam scores. In Table 1.4, we 
examine whether there is a correlation between pollution from the day of the previous Bagrut 
and the score on the exam. Note that since students take the Bagrut exams over a short period of 
time, this will generally be a pollution reading taken from several days prior. As shown in Panel 
A of Table 1.4, the correlation between Bagrut outcomes is weak relative to the correlation with 
the actual exam. While some of the specifications are statistically significant, our preferred 
specification with student fixed effects are either statistically insignificant, or with the wrong 
sign. For example, in our estimates using our threshold measure with student fixed effects, the 
impact of PM2.5 during the previous exam is a .78 point increase in the student’s score, and the 
result is not statistically significant. This can be compared to our main result using the PM2.5 
reading from the day of the Bagrut, where poor air quality reduces scores by 1.9 points 
(significant at the 1% level). For our dichotomous measure of CO, the results are also reassuring: 
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after including school or student fixed effects, no significant relationship between the placebo 
pollution reading and the exam score is observed. 
In Panel B, we perform a similar exercise but using the air pollution on the date exactly 
one year before the exam. For the continuous measure of pollution, column 5 indicates a 
negative and statistically insignificant relationship between PM2.5 and test scores, while column 
10 indicates a positive and statistically significant relationship between CO and test scores. For 
our dichotomous measure of pollution, we observe a correlation between exams and PM2.5 in the 
previous year when we include no fixed effects: having a day classified as polluted in the 
previous year is associated with a 2.8 point decline in scores in models with controls, even 
though there should be no relationship. This underscores the importance of including fixed 
effects to absorb a time-invariant correlation between pollution and student quality, and suggests 
that more polluted areas have lower exam scores in general. Once we include student fixed 
effects in our models, the correlation between PM2.5 from the previous year and the Bagrut score 
declines to 1.15 points, and it is only marginally significant. For the dichotomous measure of 
CO, the results for the previous year’s reading are counter-intuitive: we find a positive 
correlation between pollution levels from the previous year and exam scores. While this result is 
surprising, it suggests that our CO results may be less stable than our PM2.5 results due to a 
smaller sample size and more extreme values for pollution. The results for CO, therefore, should 
be interpreted with greater caution.  
In Figure 1.2, we examine the impact of PM2.5 and CO from three days prior to the exam, 
the day of the exam, and three days following the exam on test scores. As shown in the figure, 
the main effects of PM2.5 are concentrated on the day of the exam, and no significant relationship 
between pollution readings and the exam score is observed for days before and after the exam. 
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The figure indicates that the coefficient on pollution the day of the exam is much larger and more 
negative than the other days: an additional 100 units of AQI is associated with a 0.2 point 
decrease in student scores, and the coefficient estimates are small and positive on the days before 
and after the exam. In contrast, the results for CO are less conclusive, with somewhat larger 
negative coefficients for the day of the exam relative to the days before and after. As such, our 
results for CO should be interpreted with greater caution. 
In Table A1.3, we exploit the fact that we know the exact time of day that the 
examination was administered, and consider whether our pollutants have different effects at 
different times of day.
17
 While the majority of our sample is given a 9AM examination time,
roughly 40% of examinations are given after 12PM. We posit that fine particulate matter, which 
is generated from sandstorms and coal-burning plants, will affect students throughout the day in 
a similar manner at all hours of the day (or night). Carbon monoxide is produced primarily by 
automobile emissions, and is likely to be more relevant for exams later in the day. As shown in 
the table, our coefficient estimates for PM2.5 are relatively similar for both afternoon and 
morning examinations. In our preferred student fixed effect specification, we find that having 
poor air quality from our PM2.5 exposure measure for an afternoon exam is associated with a .045 
point and .054 point decline per unit of AQI respectively. Likewise, our results using the 
dichotomous measure are similar; we observe a 3.16 point decline in the student’s Bagrut score 
for days with very high AQI in afternoon exams, which is about 20% larger than the coefficient 
for morning exams. For CO, our estimates are much larger for afternoon exams using both the 
continuous and dichotomous measures.
18
 For example, using the dichotomous measure, having
17
 As an additional robustness check, we also estimate our main models with fixed effects for the day of the week on 
which the exam is given. The results are largely unchanged, and available upon request. 
18
 Note that since we have fewer observed tests for each student, our results using student fixed effects will be less 
stable. 
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poor CO air quality for afternoon exams is associated with a 10.45 point decline in the student’s 
Bagrut score, which is almost ten times the size of the coefficient for morning exams. The results 
are consistent with a prior that carbon monoxide exposure should be more problematic later in 
the day, and the results for particulate matter will be similar at different times. 
1.4.3 Heterogeneity and Implied Mechanisms 
In this section, we examine heterogeneity in the treatment effects reported in Table 1.2. 
Our interest is twofold. First, we wish to identify whether there are sub-populations that may be 
particularly responsive to poor air quality. Second, this may help to identify mechanisms for the 
observed reduced form relationship between air pollution and cognition. In particular, our prior 
is that PM2.5 which affects the respiratory system will have a larger impact on weaker groups 
who are more sensitive to poor air quality. In contrast, we expect that CO, which affects the 
tissues and neurological system, to have a more similar impact across different groups.  
We build on a set of stylized facts regarding who would be most sensitive to poor air 
quality from the medical literature. First, Israeli boys are more likely to be asthmatic than Israeli 
girls. As shown by Laor et al. (1993) the rate of asthma incidence in Israel is 25 percent higher 
among boys. Second, children of lower economic status are known to have higher rates of 
asthma and respiratory illnesses (Eriksson et al. 2006, Basagana et al. 2004). Third, Laor et al. 
(1993) also found that Ashkenazic Jews (ethnic origin from America and Europe) have 63% 
higher incidence of these illnesses than Sephardim (ethnic origin from Africa and Asia). This 
gives a rich set of potential comparisons for gauging whether asthma is a mechanism for the 
observed reduced form relationship between pollution and exam outcomes. 
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In Table 1.5, we examine our results separately by gender. The results highlight that men 
are significantly more likely to have their test outcomes affected by PM2.5 than women. Our 
results indicate that treatment effects among men are between 2 and 4 times larger than among 
women. For example, in models with student fixed effects, we estimate that an additional 10 
units of PM2.5 (AQI) is associated with a .078 point decline among men and a .021 decline 
among women. We posit that the difference could be generated by the different asthma rates in 
these cohorts. Another possibility is that male students are more likely to be affected by small 
cognitive decline and distraction, consistent with higher rates of Attention Deficit Disorder in 
males (Biederman et al. 2002).  In contrast, the results for CO are largely similar for men and 
women, with the results for men being moderately larger. For instance, in our model with student 
fixed effects, we estimate that an additional 10 units of CO (AQI) is associated with a .099 point 
decline among men and a .075 decline among women. 
In Table 1.6, we break down our sample of test takers by our ex-ante expectation of their 
performance. This is proxied by their Magen score, which is a reasonable measure of student 
quality as it reflects their achievement in the full-year class and on a test similar to the Bagrut, 
and is correlated with family income and other measures of wellbeing because it is highly 
correlated with parental schooling, family size and ethnic origin. It may be that poorer families 
are more affected by air pollution as well, due to lower ability to engage in compensating 
behavior (Neidell 2004). Poorer children also have higher incidence of asthma (Basagana et al. 
2004, Eriksson et al. 2006). When we stratify the students by whether their Magen score is above 
or below the median, our estimated treatment effects for PM2.5 are more than two times larger 
among those classified as low quality. For a low quality student, we estimate that a 10 unit 
increase in PM2.5 (AQI) is associated with a .061 point decline versus only a .028 point impact 
33
among higher quality students. However, we see no large difference between the responsiveness 
of higher and lower quality students to CO when using the continuous measure for AQI. This is 
consistent with our earlier results that CO’s effect may be less heterogeneous. However, when 
using our dichotomous measure of pollution, both PM2.5 and CO have larger effects on weaker 
students.  
The results by student quality are investigated further in Table A1.4, which reveals that 
when the sample is stratified into quartiles, there is a monotonic relationship between treatment 
effects and our student quality measure for PM2.5. Specifically, using our continuous measure of 
PM2.5, we find that poor air quality lowers scores by 0.08 and 0.04 points in the lowest and the 
second-lowest quartile respectively. For the two quartiles above the median, the treatment effect 
is -0.03 and -0.02 respectively, neither of which is statistically significant. This suggests that 
student vulnerability is rising sharply with respect to student quality and may reflect the 
correlation between the incidence of asthma and socio-economic status. In contrast, the 
relationship between CO and test scores among the stratified sample is more mixed and the 
monotonic relationship is not evident for the continuous measure. Again, for the dichotomous 
measure of CO, the result is monotonic, leaving the results mixed regarding distinguishing 
between PM2.5 and CO on this dimension. The results do, however, consistently point to large 
effects of both pollutants on student outcomes. 
In Table A1.5, we exploit the unique ethnic heterogeneity of Israel to estimate models for 
sub-populations. Israel’s population is composed primarily of Jews and Arabs, and the Jewish 
population is composed of immigrants from ethnically distinct source countries. The primary 
distinction is between Sephardic Jews of Middle Eastern and North African origin, and 
Ashkenazic Jews who are from Eastern Europe and Russia. The former group has lower rates of 
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asthma and respiratory conditions (Laor et al. 1993). We find that the impact of air pollution is 
larger among Ashkenazic Jews relative to Sephardic Jews using both our measures of PM2.5 and 
CO. For example, Ashkenazic Jews are a third more responsive to PM2.5 (.046/.035) and almost 
twice as responsive using our dichotomous measure of PM2.5 (1.73/1.01). For CO, however, the 
results are similar across groups, with Ashkenazic Jews being slightly less responsive than 
Sephardic Jews for both our continuous (.056/.61) and our dichotomous measure (8.28/10.56).   
1.4.4 Impact of Particulate Matter on Academic Outcomes with Long-run Implications 
While our analysis focuses on the impact of short-term exposure to particulate matter on 
cognition, in our context this can have a large effect on academic success in the long-run. 
Success on the Bagrut exam facilitates entry in to university, and higher scores allow a student to 
choose more lucrative college majors, such as medicine or computer science. To assess directly 
the potential harmful long-term effect of pollution on human capital formation in our context, we 
examine in Tables 1.7, 1.8, and 1.9 the relationship between exposure to air pollution and 
academic outcomes related to Bagrut exams. 
In Table 1.7 Panel A, we examine the relationship between air pollution exposure and the 
probability of failing a particular Bagrut exam. In Panels B and C, we carry out the analysis at 
the student level. For these results, our new measure of pollution is the average pollution reading 
across all exams the students has taken. Our continuous measure of pollution is the average over 
all the exam days, and our threshold measure is the average over all days of whether the exam 
was administered on a day with pollution in the top 5% of most polluted days. As such, the 
coefficients will represent the impact of raising pollution on all days for the continuous measure, 
or increasing the fraction of exams taken during very polluted days from 0% to 100% for the 
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threshold measure. As we will show, the results indicate that having poor PM2.5 or CO on the 
days of the Bagrut exams is associated with a lower Bagrut composite score and lower 
probability of receiving the matriculation certificate. These outcomes can have a permanent 
impact on an individual’s probability of attending college, and the majors that are available upon 
matriculation.  
As shown in Panel A, in our preferred specification with student fixed effects, having 
elevated levels of PM2.5 or CO using the continuous measure have a statistically insignificant 
effect. However, for the threshold measure, both indicate a large decline in a student’s 
probability of passing the exam on very polluted days: a student is 2.4 and 12.3 percentage points 
less likely to pass an exam on very polluted days relative to a normal day. In Panel B, the 
estimated effect of PM2.5 is negative and significant, and in our preferred specification, which 
includes school fixed effects, we estimate that an additional 10 units of AQI on average for each 
test would lead to a decline in the student’s average score of 1.66 points, roughly 9.8% of a 
standard deviation. Similarly, increasing the fraction of days with high PM2.5 readings by 10% 
reduces the average score by .96 points. A student’s probability of passing the Bagrut is also 
sensitive to these measures. A 10 point increase in PM2.5 AQI reduces a student’s probability of 
receiving the Bagrut certificate by 3.3 percentage points, and increasing the fraction of days with 
very pollution readings by 10% reduces certificate achievement by 1.5 percentage points. Our 
estimates for CO are somewhat more modest: a 10 unit increase in the AQI average reading 
during the student’s tests reduces scores by .86 points, and a 10% increase in the share of days 
with high pollution readings reduces scores by .75 points. Similarly, a 10 point increase in CO 
AQI reduces a student’s probability of receiving the Bagrut certificate by 0.5 percentage points, 
and the result is not statistically significant. Finally, increasing the fraction of days with very 
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pollution readings by 10% reduces certificate achievement by 1.4 percentage points. This 
suggests that CO only affects long-run outcomes among students who are exposed to extremely 
elevated levels of CO, and that more modest levels may have an extremely small impact.  
 In Table 1.8, we examine these results broken down by two sub-populations that may be 
more sensitive to air pollution: boys and students of lower quality. The results indicate that boys 
are more sensitive to PM2.5 than girls, and lower quality students are more likely to be 
detrimentally affected than stronger students. In particular, raising the fraction of days with very 
polluted air by 10 percentage points is associated with a .57 percentage point increase for boys in 
the chance of failing a particular Bagrut in models with student fixed effects. Girls appear largely 
unaffected, with the increased chance of not passing being statistically indistinguishable from 
zero. The gap is even more striking for student with low Magen scores: a 10 percentage point 
increase in the fraction of days with very polluted air is associated with a .59 percentage point 
increase in failure probability. The second outcome we examine is the student’s probability of 
failing the composite Bagrut.  Boys are nearly a third more sensitive to air pollution by this 
measure, where a 10 percentage point increase in polluted days is associated with a 1.74 
percentage point increased chance of not receiving their matriculation certificate, whereas girls 
only experience a 1.19 percentage point increase. The results are even more striking for low 
scoring Magen students, who are 1.07 percentage points more likely to not receive a Bagrut 
certificate for a 10 percentage point increase in the share of days with poor air quality.  
In Table 1.9, we present results parallel to those shown in Table 1.8 but for CO rather 
than PM2.5. While the results for our continuous measure are statistically insignificant, the results 
for our threshold measure are negative and statistically significant. Interestingly, we find very 
similar results for boys and girls in their probability of failing the Bagrut exam or not receiving a 
37
matriculation certificate. For instance, a 10 percentage point increase in days above the CO 
threshold is associated with a 1.42 percentage point increased chance of not receiving their 
matriculation certificate for boys, and girls experience a similar 1.44 percentage point increase. 
The results are also similar for low scoring Magen students, who are 1.02 percentage points more 
likely to not receive a matriculation certificate for a 10 percentage point increase in the share of 
days with poor air quality, versus a 1.24 increase for high scoring Magen students. This suggests 
that the long-run effects of CO are similar across different groups.     
1.5 Conclusion 
This paper has examined the relationship between cognitive performance and ambient 
pollution exposure. Using a large sample of Israeli high-school Bagrut examinations (2000-
2002), we have presented evidence that there is a robust negative relationship between outcomes 
and ambient pollution concentrations. We also find that among Israeli sub-populations with 
higher rates of asthma and respiratory illnesses, our estimated treatment effects for PM2.5 are 
larger, suggesting that physiological impairment is a potential mechanism for our findings. In 
contrast, our results for CO are largely consistent among Israeli sub-populations, suggesting that 
neurological impairment may be a mechanism for our findings. The measured impact of our 
pollutants may have a permanent effect on a student’s human capital formation, because it 
affects whether the student earns the Bagrut in a timely fashion and can matriculate in college 
following the army, or must complete additional coursework prior to starting college, delaying 
matriculation. In the overall economy, the mis-ranking of students due to variability in pollution 
exposure may result in bad assignment of workers to different occupations, resulting in reduced 
labor productivity. 
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While our results are robust to a variety of specification checks, it is worth noting several 
important caveats. First, our result is in a completely reduced form and we cannot trace out the 
pathways. While we posit that asthmatics and other sensitive groups are driving our results for 
PM2.5, this is difficult to determine definitively in the absence of health measures for the test 
takers. Second, we cannot fully examine whether the effect is due to pollution only on the day of 
the exam, versus through a build-up effect from the days prior to the exam. We report the 
relationship between the exam outcome and ambient pollution, but we are unable with our data 
to fully disentangle the exact timing of the effect. Third, it may be that increased pollution is 
contemporaneous with other factors affecting test outcomes. For example, it is possible that 
traffic on the way to the exam is correlated with pollution and with reduced test performance. In 
spite of these limitations, our results present new evidence of a connection between reduced 
cognitive performance and fine particulate matter or carbon monoxide exposure.  
The results presented here suggest that the gain from improving air quality may be 
underestimated by a narrow focus on health impacts. Insofar as air pollution may lead to reduced 
cognitive performance, the consequences of pollution may be relevant for a variety of everyday 
activities that require mental acuity. Traffic accidents, injuries in the workplace, and reduced 
worker productivity may all be the byproduct of reduced cognitive performance. As such, the 
results presented here highlight a channel by which the consequences of pollution are vastly 
understated by a narrow focus on the immediate and acute health consequences, and suggest that 
improvements in air quality may yield tremendous benefits in welfare. 
39
All Boys Girls Low Scores High Scores
Variable (1) (2) (3) (4) (5)
21.05 20.89 21.18 21.15 20.96
(10.86) (10.57) (11.10) (10.88) (10.87)
59.74 59.47 59.98 60.01 59.51
(22.81) (22.50) (23.08) (22.89) (22.75)
0.05 0.05 0.05 0.05 0.05
(0.21) (0.21) (0.22) (0.22) (0.21)
1.21 1.22 1.21 1.25 1.17
(1.05) (1.08) (1.02) (1.15) (0.92)
13.77 13.81 13.73 14.19 13.29
(11.58) (11.93) (11.27) (12.80) (10.18)
0.04 0.04 0.04 0.04 0.03
(0.20) (0.20) (0.20) (0.21) (0.18)
70.76 68.91 72.33 53.22 77.10
(23.74) (24.86) (22.64) (30.69) (22.18)
75.45 73.27 77.30 64.09 86.93
(21.37) (22.50) (20.19) (23.25) (10.47)
83.03 81.37 84.49 73.18 95.05
(16.84) (17.48) (16.11) (14.59) (10.33)
0.68 0.64 0.71 0.48 0.91
(0.47) (0.48) (0.45) (0.50) (0.28)
0.19 0.21 0.17 0.33 0.04
(0.39) (0.41) (0.37) (0.47) (0.19)
11.44 11.60 11.30 10.79 12.08
(5.04) (5.09) (5.00) (4.87) (5.13)
11.62 11.83 11.44 10.85 12.39
(5.03) (5.02) (5.03) (4.84) (5.10)
23.81 23.81 23.82 23.84 23.83
(2.61) (2.61) (2.62) (2.66) (2.50)
50.90 50.86 50.94 50.98 50.95
(14.71) (14.52) (14.87) (15.08) (14.35)
Observations 415,219 190,410 224,809 206,571 204,527
Failed a Bagrut  Exam 
(1=yes)
PM2.5 
(AQI Index)
PM2.5 
(µg/m3)
Table 1.1 
Descriptive Statistics
By Magen Score 
(Course Grade1)By Sex
Notes : Standard deviations are in parentheses. The measures of pollution are particulate matter smaller than 2.5
microns, or PM2.5, and carbon monoxide, CO. We also report the AQI value for each reading, which is calculated
from a formula that converts micrograms (µg/m3) into a 1-500 index value. We also report dummies for days with
PM2.5 (AQI) >100 or CO readings in the top 5% of days in our sample. Relative humidity is the amount of moisture
in the air as a share of what the air can hold at that temperature. Receiving a Matriculation Certificate is determined
by a combination of the average Bagrut score across exams, and the Magen score, which is composed of the student's
course grade and an exam similar in content to the Bagrut. 1The low and high subsamples were based on being above
or below the median of the Magen score.
PM2.5 
(AQI ≥101)
CO
(µg/m3)
CO
(AQI Index)
CO
(>95th  percentile)
Bagrut  Exam Score 
(1-100 points)
Matriculation 
Certificate (1=yes)
Magen Score 
(1-100 points)
Bagrut  Composite 
Score 
Temperature 
(celsius)
Relative Humidity
(percent saturation)
Mother’s Education 
(years)
Father’s Education 
(years)
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N
o C
ontrols
C
ontrols
C
ity 
School 
Student 
N
o C
ontrols
C
ontrols
C
ity 
School 
Student 
(1)
(2)
(3)
(4)
(5)
(6)
(7)
(8)
(9)
(10)
Pollutant
-0.055
-0.065
-0.082
-0.069
-0.046
-0.047
-0.054
-0.133
-0.083
-0.085
(0.015)
(0.011)
(0.008)
(0.007)
(0.007)
(0.017)
(0.020)
(0.018)
(0.017)
(0.017)
Fem
ale (1=yes)
3.22
3.30
2.72
3.82
3.88
3.15
(0.34)
(0.34)
(0.22)
(0.50)
(0.50)
(0.38)
M
other’s Education
0.165
0.141
0.112
0.182
0.191
0.113
(0.063)
(0.062)
(0.034)
(0.097)
(0.093)
(0.057)
Father’s Education
0.410
0.396
0.241
0.451
0.463
0.251
(0.061)
(0.058)
(0.033)
(0.095)
(0.090)
(0.050)
R
-squared
0.003
0.042
0.046
0.145
0.493
0.001
0.054
0.060
0.174
0.531
O
bservations
415,219
380,435
380,435
380,435
380,435
158,647
153,528
153,528
153,528
153,528
-3.00
-2.63
-2.75
-2.68
-1.95
-6.04
-6.68
-9.16
-9.56
-10.16
(1.54)
(1.03)
(0.84)
(0.70)
(0.74)
(1.15)
(1.31)
(1.28)
(0.96)
(1.02)
Fem
ale (1=yes)
3.19
3.25
2.68
3.84
3.91
3.19
(0.340)
(0.337)
(0.219)
(0.498)
(0.496)
(0.377)
M
other’s Education
0.158
0.143
0.111
0.185
0.192
0.117
(0.064)
(0.063)
(0.035)
(0.096)
(0.092)
(0.055)
Father’s Education
0.409
0.396
0.241
0.452
0.465
0.252
(0.061)
(0.058)
(0.033)
(0.094)
(0.090)
(0.048)
R
-square d
0.001
0.040
0.043
0.143
0.492
0.002
0.056
0.062
0.177
0.534
O
bservations
415,219
380,435
380,435
380,435
380,435
158,647
153,528
153,528
153,528
153,528
N
otes:Standard
errors
are
clustered
by
school.A
llregressions
include
suppressed
controls
for
tem
perature
and
hum
idity
on
the
exam
date,w
hich
are
included
aslinearand
quadratic
term
sin
each,and
linearand
quadratic
interaction
term
softhe
tw
o
variables.
1Forcarbon
m
onoxide,w
e
generate
a
dum
m
y
for a test occurring on a day in the top 5%
 of m
ost polluted days.
Panel A
: A
ir Q
uality Index (continuous m
easure)
Panel B
: A
ir Q
uality Index above Threshold V
alue
D
um
m
y for A
Q
I>100
1
T
able 1.2
Pooled O
LS and Fixed Effect M
odels of A
ir Pollution's Im
pact on Bagrut Test Scores
R
H
S Pollutant M
easure: Particulate M
atter2.5 
R
H
S Pollutant M
easure: C
arbon M
onoxide
Pooled O
LS
Fixed Effects
Pooled O
LS
Fixed Effects
4 1
N
o C
ontrols
C
ontrols
C
ity 
School 
Student 
N
o C
ontrols
C
ontrols
C
ity 
School 
Student 
(1)
(2)
(3)
(4)
(5)
(6)
(7)
(8)
(9)
(10)
-2.32
-2.29
-3.02
-2.41
-1.43
0.56
-1.92
-1.26
-1.36
-0.72
(0.50)
(0.42)
(0.31)
(0.29)
(0.33)
(0.71)
(0.75)
(0.67)
(0.60)
(0.66)
-4.42
-4.07
-4.92
-4.34
-2.89
-5.76
-8.56
-10.39
-10.88
-10.87
(1.61)
(1.10)
(0.87)
(0.73)
(0.78)
(1.27)
(1.55)
(1.42)
(1.14)
(1.19)
Fem
ale (1=yes)
3.20
3.27
2.70
3.86
3.92
3.20
(0.339)
(0.335)
(0.217)
(0.498)
(0.497)
(0.378)
M
other’s Education
0.166
0.142
0.112
0.180
0.190
0.114
(0.064)
(0.063)
(0.035)
(0.096)
(0.092)
(0.055)
Father’s Education
0.411
0.395
0.241
0.455
0.466
0.252
(0.061)
(0.058)
(0.034)
(0.095)
(0.090)
(0.049)
R
-squared
0.003
0.041
0.046
0.145
0.493
0.003
0.056
0.063
0.178
0.534
O
bservations
415,219
380,435
380,435
380,435
380,435
158,647
153,528
153,528
153,528
153,528
N
otes:See
Table
2.
1Forcarbon
m
onoxide
w
e
generate
a
dum
m
y
fora
testoccurring
on
a
day
above
the
m
edian
pollution
leveland
below
the
top
5%
of
the m
ost polluted days as the interm
ediate pollution category. 
D
um
m
y for A
Q
I >50 &
 
< 101
1
D
um
m
y for A
Q
I  
≥ 101
T
able 1.3
A
ir Pollution's Im
pact on Bagrut Test Scores on Polluted and Extrem
ely Polluted D
ays
R
H
S Pollutant M
easure: Particulate M
atter2.5 
R
H
S Pollutant M
easure: C
arbon M
onoxide
Pooled O
LS
Fixed Effects
Pooled O
LS
Fixed Effects
4 2
N
o C
ontrols
C
ontrols
C
ity 
School 
Student 
N
o C
ontrols
C
ontrols
C
ity 
School 
Student 
(1)
(2)
(3)
(4)
(5)
(6)
(7)
(8)
(9)
(10)
Pollutant (A
Q
I)
-0.024
-0.035
-0.049
-0.034
-0.005
-0.128
-0.130
-0.307
-0.080
0.097
(0.013)
(0.010)
(0.007)
(0.006)
(0.006)
(0.065)
(0.074)
(0.164)
(0.079)
(0.055)
Pollutant (Threshold)
-1.10
-0.48
-0.66
-0.29
0.78
-3.61
-1.48
-5.68
1.48
-2.53
(1.37)
(0.87)
(0.78)
(0.68)
(0.71)
(2.29)
(2.85)
(3.09)
(2.82)
(3.06)
O
bservations
358,584
328,974
328,974
328,974
328,974
131,579
127,341
127,341
127,341
127,341
Pollutant (A
Q
I)
-0.008
-0.033
-0.027
-0.014
-0.006
-0.032
-0.060
0.061
0.063
0.147
(0.008)
(0.008)
(0.008)
(0.009)
(0.010)
(0.017)
(0.038)
(0.029)
(0.023)
(0.048)
Pollutant (Threshold)
-2.78
-2.89
-1.03
-0.75
-1.15
0.98
2.38
3.87
4.90
5.55
(0.81)
(0.68)
(0.76)
(0.73)
(0.69)
(1.06)
(0.76)
(0.74)
(0.70)
(0.81)
O
bservations
261,091
248,759
248,759
248,759
248,759
291,555
193,764
193,764
193,764
193,764
Panel A
: Pollutant Level from
 Previous Exam
Panel B
: Pollutant Level from
 Previous Y
ear
N
otes: See Table 2.
Pooled O
LS
Fixed Effects
R
H
S Pollutant M
easure: Particulate M
atter2.5
R
H
S Pollutant M
easure: C
arbon M
onoxide
Pooled O
LS
Fixed Effects
T
able 1.4
Placebo Tests M
easuring the R
elationship betw
een the Bagrut and Pollutants on Irrelevant D
ays
4 3
N
o C
ontrols
C
ontrols
C
ity 
School 
Student 
N
o C
ontrols
C
ontrols
C
ity 
School 
Student 
(1)
(2)
(3)
(4)
(5)
(6)
(7)
(8)
(9)
(10)
Pollutant (A
Q
I)
-0.087
-0.100
-0.118
-0.104
-0.078
-0.035
-0.055
-0.142
-0.080
-0.099
(0.018)
(0.013)
(0.009)
(0.009)
(0.009)
(0.021)
(0.026)
(0.024)
(0.020)
(0.019)
Pollutant (Threshold)
-4.83
-5.62
-5.59
-5.33
-4.10
-6.12
-7.49
-10.73
-10.28
-11.28
(1.95)
(1.26)
(0.96)
(0.82)
(0.87)
(1.41)
(1.65)
(1.53)
(1.22)
(1.23)
O
bservations
190,410
174,250
174,250
174,250
174,250
73,054
70,311
70,311
70,311
70,311
Pollutant (A
Q
I)
-0.031
-0.036
-0.054
-0.041
-0.021
-0.058
-0.052
-0.125
-0.091
-0.075
(0.014)
(0.012)
(0.009)
(0.007)
(0.008)
(0.017)
(0.017)
(0.021)
(0.018)
(0.023)
Pollutant (Threshold)
-1.67
-0.30
-0.55
-0.66
-0.38
-6.07
-5.79
-7.62
-8.79
-9.29
(1.35)
(1.03)
(0.90)
(0.80)
(0.83)
(1.13)
(1.26)
(1.34)
(1.10)
(1.16)
O
bservations
224,809
206,185
206,185
206,185
206,185
85,593
83,217
83,217
83,217
83,217
N
otes: See Table 2.
Pooled O
LS
Fixed Effects
T
able 1.5
A
ir Pollution's Im
pact on Bagrut Test Scores, Separately for B
oys and G
irls
R
H
S Pollutant M
easure: Particulate M
atter2.5
R
H
S Pollutant M
easure: C
arbon M
onoxide
Pooled O
LS
Fixed Effects
Panel A
: B
oys O
nly
Panel B
: G
irls O
nly
4 4
N
o C
ontrols
C
ontrols
C
ity 
School 
Student 
N
o C
ontrols
C
ontrols
C
ity 
School 
Student 
(1)
(2)
(3)
(4)
(5)
(6)
(7)
(8)
(9)
(10)
Pollutant (A
Q
I)
-0.074
-0.078
-0.081
-0.075
-0.061
-0.073
-0.097
-0.064
-0.065
-0.048
(0.015)
(0.013)
(0.011)
(0.010)
(0.011)
(0.032)
(0.031)
(0.021)
(0.020)
(0.029)
Pollutant (Threshold)
-4.64
-4.79
-3.77
-3.86
-3.49
-6.22
-9.66
-11.79
-11.56
-12.14
(1.58)
(1.24)
(1.12)
(1.04)
(1.10)
(1.31)
(1.49)
(1.64)
(1.28)
(1.45)
O
bservations
206,571
185,030
185,030
185,030
185,030
134,126
128,078
128,078
128,078
128,078
Pollutant (A
Q
I)
-0.027
-0.024
-0.037
-0.030
-0.028
-0.023
-0.027
-0.068
-0.052
-0.055
(0.006)
(0.006)
(0.006)
(0.006)
(0.006)
(0.015)
(0.015)
(0.016)
(0.016)
(0.015)
Pollutant (Threshold)
-0.94
-0.93
-1.30
-0.93
-0.76
-2.97
-4.09
-4.61
-4.88
-4.57
(0.42)
(0.71)
(0.66)
(0.57)
(0.68)
(0.59)
(0.69)
(0.78)
(0.81)
(0.85)
O
bservations
204,527
191,790
191,790
191,790
191,790
128,758
126,284
126,284
126,284
126,284
N
otes:See
Table
2.The
sam
ple
is
stratified
by
w
hetherthe
studentdid
below
(PanelA
)orabove
(PanelB
)the
m
edian
on
the
M
agen
score.
The
M
agen 
score is based on the student's class perform
ance and on an exam
 sim
ilar to the B
agrut. 
R
H
S Pollutant M
easure: Particulate M
atter2.5
Pooled O
LS
Fixed Effects
Panel A
: Low
 M
agen Scores
Panel B
: H
igh M
agen Scores
T
able 1.6
A
ir Pollution's Im
pact on Test Scores, Separately for Students w
ith Low
 and H
igh M
agen Scores
R
H
S Pollutant M
easure: C
arbon M
onoxide
Pooled O
LS
Fixed Effects
4 5
C
ontrols
C
ity
School 
Student 
C
ontrols
C
ity
School 
Student
(1)
(2)
(3)
(4)
(5)
(6)
(7)
(8)
0.025
0.035
0.018
-0.017
0.048
0.071
0.026
0.019
(0.015)
(0.010)
(0.009)
(0.010)
(0.024)
(0.034)
(0.036)
(0.049)
Pollutant (Threshold)
0.036
0.039
0.036
0.024
0.082
0.103
0.111
0.123
(0.016)
(0.012)
(0.010)
(0.010)
(0.018)
(0.021)
(0.017)
(0.019)
O
bservations
380,435
380,435
380,435
380,435
153,528
153,528
153,528
153,528
-6.77
-26.79
-16.60
-2.88
-22.72
-8.56
(4.29)
(3.40)
(1.87)
(3.68)
(4.53)
(3.23)
Pollutant (Threshold)
-3.77
-10.93
-9.55
-10.98
-8.43
-7.54
(4.96)
(3.66)
(2.70)
(2.24)
(1.55)
(1.15)
O
bservations
50,899
50,899
50,899
25,730
25,730
25,730
-0.236
-0.537
-0.328
-0.063
-0.301
-0.054
(0.099)
(0.082)
(0.048)
(0.075)
(0.102)
(0.100)
Pollutant (Threshold)
-0.184
-0.255
-0.146
-0.214
-0.188
-0.142
(0.125)
(0.093)
(0.050)
(0.051)
(0.035)
(0.027)
O
bservations
50,899
50,899
50,899
25,730
25,730
25,730
T
able 1.7
A
ir Pollution's Im
pact on Long-term
 A
cadem
ic O
utcom
es R
elated to the Bagrut Exam
ination
Fixed Effects
Pooled O
LS
N
otes:See
Table
2.In
PanelA
,each
observation
isan
exam
ination.In
PanelB
and
PanelC
,each
observation
isa
student.Forthe
m
odelsestim
ated
in Panel B
 and Panel C
, pollution is averaged over all of the Bagrut tests taken follow
ing grades 10-12 for each student. 
R
H
S Pollutant M
easure: C
arbon M
onoxide
R
H
S Pollutant M
easure: Particulate M
atter2.5
Pooled O
LS
Fixed Effects
Panel A
: Failing a Particular Bagrut Exam
 (1=yes)
Panel B
: Bagrut Exam
 C
om
posite Score
Panel C
: R
eceived a Bagrut M
atriculation C
ertificate (1=yes)
Pollutant (A
Q
I, 100 
units)
Pollutant (A
Q
I, 100 
units)
Pollutant (A
Q
I, 100 
units)
4 6
Pooled OLS Pooled OLS
Controls City School Student Controls City School
(1) (2) (3) (4) (5) (6) (7)
Panel A: Boys Only
PM2.5 (AQI, 100 units) 0.070 0.082 0.064 0.021 -0.243 -0.621 -0.345
(0.020) (0.014) (0.013) (0.014) (0.109) (0.089) (0.057)
PM2.5 (Threshold) 0.085 0.086 0.077 0.057 -0.283 -0.403 -0.174
(0.022) (0.017) (0.015) (0.015) (0.133) (0.094) (0.065)
Observations 174,250 174,250 174,250 174,250 23,830 23,830 23,830
Panel B: Girls Only
PM2.5 (AQI, 100 units) -0.012 -0.002 -0.017 -0.046 -0.231 -0.468 -0.328
(0.015) (0.011) (0.010) (0.011) (0.107) (0.097) (0.056)
PM2.5 (Threshold) 0.000 0.003 0.004 -0.001 -0.061 -0.073 -0.119
(0.014) (0.012) (0.010) (0.010) (0.142) (0.116) (0.062)
Observations 206,185 206,185 206,185 206,185 27,069 27,069 27,069
PM2.5 (AQI, 100 units) 0.038 0.038 0.026 0.001 -0.086 -0.299 -0.204
(0.020) (0.017) (0.015) (0.017) (0.096) (0.079) (0.049)
PM2.5 (Threshold) 0.077 0.071 0.066 0.059 -0.124 -0.178 -0.107
(0.020) (0.017) (0.016) (0.016) (0.103) (0.082) (0.049)
Observations 185,030 185,030 185,030 185,030 24,892 24,892 24,892
PM2.5 (AQI, 100 units) -0.026 -0.031 -0.035 -0.041 -0.219 -0.197 -0.118
(0.006) (0.006) (0.005) (0.007) (0.074) (0.077) (0.050)
PM2.5 (Threshold) 0.004 0.006 0.000 -0.002 -0.284 -0.252 -0.042
(0.007) (0.006) (0.006) (0.007) (0.146) (0.131) (0.044)
Observations 191,790 191,790 191,790 191,790 26,007 26,007 26,007
Table 1.8
Particulate Matter's Impact on Failing a Bagrut Exam and 
Receiving a Matriculation Certificate by Sex and Magen Score
Panel C: Low Magen Scores
Panel D: High Magen  Scores
Notes : See Table 2. Each cell in the table represents a separate regression. Each observation in columns (1)-(4) is an
examination, and in columns (5)-(7) each observation is a student. 
LHS: Received Matriculation 
Certificate (1=yes)
 LHS: Failed Bagrut Exam
(1=yes)
Fixed EffectsFixed Effects
47
Pooled OLS Pooled OLS
Controls City School Student Controls City School
(1) (2) (3) (4) (5) (6) (7)
Panel A: Boys Only
CO (AQI, 100 units) 0.049 0.089 0.027 0.037 -0.022 -0.240 0.009
(0.033) (0.030) (0.029) (0.036) (0.079) (0.164) (0.128)
CO (Threshold) 0.090 0.123 0.118 0.132 -0.236 -0.196 -0.142
(0.023) (0.025) (0.020) (0.023) (0.061) (0.049) (0.040)
Observations 70,311 70,311 70,311 70,311 11,990 11,990 11,990
Panel B: Girls Only
CO (AQI, 100 units) 0.045 0.057 0.031 0.007 -0.101 -0.389 -0.243
(0.024) (0.048) (0.050) (0.067) (0.083) (0.111) (0.125)
CO (Threshold) 0.071 0.084 0.103 0.115 -0.191 -0.176 -0.144
(0.018) (0.022) (0.018) (0.020) (0.049) (0.036) (0.028)
Observations 83,217 83,217 83,217 83,217 13,740 13,740 13,740
CO (AQI, 100 units) 0.031 0.073 0.029 0.053 -0.107 -0.180 0.033
(0.034) (0.060) (0.061) (0.073) (0.076) (0.138) (0.108)
CO (Threshold) 0.136 0.197 0.192 0.220 -0.183 -0.163 -0.102
(0.025) (0.027) (0.023) (0.029) (0.053) (0.045) (0.035)
Observations 71,192 71,192 71,192 71,192 11,962 11,962 11,962
CO (AQI, 100 units) 0.028 -0.01 -0.014 -0.015 -0.053 -0.143 -0.052
(0.010) (0.016) (0.017) (0.025) (0.043) (0.093) (0.087)
CO (Threshold) 0.026 0.019 0.023 0.026 -0.097 -0.11 -0.124
(0.009) (0.010) (0.010) (0.012) (0.035) (0.035) (0.024)
Observations 80,728 80,728 80,728 80,728 13,768 13,768 13,768
Panel C: Low Magen Scores
Panel D: High Magen  Scores
Notes : See Table 2. Each cell in the table represents a separate regression. Each observation in columns (1)-(4) is an
examination, and in columns (5)-(7) each observation is a student. 
Table 1.9
Carbon Monoxide's Impact on Failing a Bagrut Exam and 
Receiving a Matriculation Certificate by Sex and Magen Score
 LHS: Failed Bagrut Exam
(1=yes)
LHS: Received Matriculation 
Certificate (1=yes)
Fixed Effects Fixed Effects
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Figure 1.1
Locations of Air Quality Monitoring Stations in Israel
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PM2.5 (μg/m3) AQI  Index Value Category
0.0 - 15.4 0 - 50 Good 
15.5 -40.4 51 - 100 Moderate 
40.5 - 65.4 101 - 150 Unhealthy for Sensitive Groups 
65.5 - 150.4 151 - 200 Unhealthy 
150.5 - 250.4 201 - 300 Very unhealthy 
250.5 - 350.4 301 - 400 Hazardous 
350.5 - 500.4 401 - 500 Hazardous  
Source : United States Environmental Protection Agency
Table A1.1
Breakpoints for PM2.5 (μg/m3) and AQI Index Categories
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Chapter 2  
 
The Contemporaneous Effect of Indoor Air Pollution 
on Cognitive Performance: Evidence from the UK
 
 
 
 
2.1 Introduction 
Recent decades have seen a dramatic increase in the level of public concern surrounding 
the adverse effect of ambient pollution. However, the importance of indoor air quality has been 
often overlooked. This is of particular interest given that the US population spends 89% of their 
time indoors of which 21% in non-residential environments, such as offices and schools (Klepeis 
et al., 2001; Wu et al., 2001). Studies have shown that indoor pollution can cause immediate 
health effects including irritation of the eyes, nose, and throat, headaches, dizziness, and fatigue 
(Young, 2001; Brenstein, 2008)
19
. Exposure to particulate matter can also affect cognitive acuity 
as any deterioration in oxygen quality may in theory impair brain functioning (Clark and 
Sokoloff, 1999). Nevertheless, evidence on the effect of indoor pollution on cognitive 
performance is remarkably scarce. A potential link between pollution and cognitive performance 
would imply that a narrow focus on traditional health outcomes, such as hospitalization and 
increased mortality, may understate the true cost of pollution as mental acuity is essential to 
productivity in most professions.  
There are many challenges in identifying the link between air pollution and human health 
such as heterogeneity in avoidance behavior, measurement error and the presence of unobserved 
correlated factors. However, identifying the causal relationship between indoor air pollution and 
                                                 
19 There is also strong evidence on the long-term effect of indoor air pollution on human health. These effects include respiratory 
disease, heart disease and even cancer. See http://www.who.int/mediacentre/factsheets/fs292/en/.  
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cognitive performance possess an additional challenge.  Whilst the impact of air pollution on 
health outcomes is likely to be recorded, data on the adverse effect of air pollution on cognitive 
performance may be unobserved by researchers as impaired cognitive performance is unlikely to 
lead to health encounters and may not even be noticed by the affected individual (Chang et al., 
2014). As such, this paper provides a unique opportunity to asses such potential link by using 
university final examinations in the UK as a measure of cognitive performance.  
I perform my analysis using a unique data set which combines readings of indoor air 
pollution (PM10) with administrative data on 2,458 students taking 11,522 exams at a leading 
public research university within the Greater London Urban Area. To account for potential 
confounders I crucially rely on the panel structure of the data to estimate models with subject, 
venue and student fixed effects. Importantly, students are exogenously allocated to exams venues 
by the university a few weeks prior to the examination date and avoidance behavior is therefore 
unlikely.  By collecting air pollution data from within the examination sites I overcome the 
challenge of measurement error which could result from assigning pollution to individuals. This 
is of particular importance as most studies in the literature use data from ambient air pollution 
monitors which are usually located a few miles away from the location of the individual. As 
such, they are likely to be subject to considerable measurement error due to significant spatial 
variation even within finely defined areas (Moretti and Neidell, 2011; Lin et al., 2001). I also 
include controls for time-varying factors that could be contemporaneous and correlated with 
pollution, such as daily temperature and relative humidity. Nevertheless, it is still possible that 
other unobserved factors that are correlated with both pollution and test scores remain present. In 
order to ease such concern, I conduct a rich set of placebo and robustness tests. More 
specifically, I examine the correlation between test scores and indoor air pollution from the 
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previous exam and also the correlation between ex-ante test scores and elevated levels of PM10. 
The correlations in both placebos are not statistically different from zero, lending further 
supports to the causal interpretation of the analysis.  
My results demonstrate that elevated levels of Particulate Matter (PM10) have a 
statistically and economically significant effect on test scores. I find that a one unit increase in 
PM10 (µg/m3) or being above the World Health Organization (WHO) guideline reduces student’s 
test scores by 0.060 and 2.868 points respectively. The effect for the dichotomous indicator is 
equivalent to 0.15 of a standard deviation which is very large and similar to the estimated effects 
found in studies that have measured the impact of paying teachers and students large financial 
incentives (Jackson, 2010) or reducing class size from 31 to 25 students (Angrist and Lavy, 
1999). Furthermore, I explore whether indoor air pollution has heterogeneous effects across 
subpopulations and academic disciplines. My interest is twofold: first, to test whether some 
subgroups are more sensitive to indoor pollution; and second, to examine whether the effect of 
indoor pollution varies across subjects.  I find that the effect is larger among male, high ability 
and STEM subgroups
20
.  
I also examine the possible non-linear impact of indoor air pollution on test scores by 
including dummy variables for different levels of pollution exposure simultaneously. 
Specifically, I define dummies for PM10 (µg/m3) being less than 25, between 25 and 50, between 
50 and 75, and above 75.  The analysis reveals a nonlinear and monotonic relationship between 
pollution and test scores with a possible threshold at 50 (µg/m3) which is the WHO guideline. 
Importantly, this threshold is well below current US Environmental Protection Agency (EPA) 
                                                 
20 The acronym STEM is widely used in the US and refers to academic disciplines of Science, Technology, Engineering and 
Mathematics.   
58
 
 
standards which suggest that it may be economically beneficial to lower existing guidelines
21
. 
The results imply that taking an exam with pollution above 75 (µg/m3) reduces student’s scores 
by 4.13 points, or approximately 23% of a standard deviation. Finally, I show that transitory 
decline in cognitive performance has a robust negative relationship with long-term academic 
indicators that are potentially correlated with future career outcomes. More specifically, I find 
that exposure to coarse particulate matter reduces student’s composite scores and therefore the 
probability of receiving an upper second classification or above. This is of particular interest 
since an upper second classification is a threshold requirement for most prestigious jobs and 
academic graduate programs in the UK. 
Overall my results provide compelling evidence that short-term exposures to elevated 
levels of indoor PM10 affect cognitive performance. Epidemiologists have already examined this 
potential link but such studies are predominantly cross sectional in nature and do not account 
convincingly for confounding factors (Mendell et al., 2005). To the best of my knowledge, this 
paper is the first to estimate the causal effect of indoor air pollution on cognitive performance 
with indoor pollution measures
22
. My findings imply that a narrow focus on health outcomes 
understate the true cost of pollution as indoor air quality also affects productivity.  
The rest of the paper is laid out as follows. In the second section, I present background 
information on coarse particulate matter and summarize the existing literature on identifying the 
impact of air pollutions on various health and academic outcomes. Section III describes the data 
while Section IV presents my identification strategy. In Section V, I present my empirical results 
and in VI I conclude.  
 
                                                 
21 In order to determine the optimal regulatory action a full-fledged cost benefit analysis must be conducted.  
22 Stafford (2015) examines the effect of indoor air quality (IAQ) on academic outcomes in Texas. She found that IAQ 
renovations have a significant positive effect on standardized tests. However, she was unable to observe actual level of indoor 
quality, and is therefore forced to rely on variation in the timing of IAQ renovations across schools.  
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2.2 Background on Air pollution and Cognitive Performance 
Particulate matter (PM) is a mixture of solid particles and liquid droplets suspended in the air 
that consists of various components including acids, metals, dust particles, organic chemicals and 
allergens. Particle pollution is classified into two main categories namely “inhalable coarse 
particles” (PM10) and “fine particles” (PM2.5) based on their size. The former corresponds to 
particles that are larger than 2.5 and smaller than 10 micrometers in diameter and the latter to 
particulate matter that is 2.5 micrometers in diameter or smaller
23
. The size of particles is 
associated with their ability to cause health problems. Therefore, in 1987, The EPA replaced the 
earlier Total Suspended Particulate (TSP) air quality standard with a PM10 standard and in 1997 
also established an annual and 24-hour National Ambient Air Quality Standard (NAAQS) for 
PM2.5.
24
  In 2008, the European (EU) Parliament also set legally binding limits for coarse and fine 
particulate matter. The 2008 EU ambient air quality directive replaced most previous EU air 
quality legislation and was made law in England in 2010
25
.  
The air pollution measure in this study is PM10, which comprises of smoke, dirt, dust, 
mold, spores and pollen. The emission of ambient PM10 comes from various sources such as 
factories, farming and roads. Nevertheless, indoor concentrations of coarse particles are not 
simply a byproduct of ambient pollution; they are also the result of emissions from indoor 
sources. The leading indoor sources of particles in education establishments are human activities, 
plants and various building materials (Chatzidiakou et al., 2012). Indoor concentrations of coarse 
particles in classrooms tend to surpass outdoor levels during the daytime, which highlights the 
significant contribution of indoor sources (Madureira et al., 2012)
26
. This is of particular 
                                                 
23 For comparison, the average human hair is approximately 70 micrometers in diameter, making it 7 times larger than the largest 
coarse particle.  
24 Total Suspended Particulate corresponds to particles that are less than 100 micrometers in diameter.  
25 Similar regulations also exist in Scotland, Wales and Northern Ireland. 
26 Madureira et al. (2002) also show that PM2.5 and PM1 have the opposite trend.  
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importance for this study as it suggests that the level of indoor PM10 is likely to vary 
considerably across venues within close proximity of one another, and also within individual 
venues across time.   
The relationship between particulate matter and adverse health outcomes is well 
documented in the epidemiological literature. The medical explanation for such link is that 
elevated levels of particles in the air lead to changes in cardiovascular and pulmonary 
functioning (Seaton et al., 1995). More specifically, human intake of particles may affect 
respiratory and cardiovascular conditions, such as asthma and heart attacks (Pope at al., 1995; 
Dockery, 2009; Donaldson et al., 2010; Weinmayr et al., 2010).  Particle pollution can also lead 
to milder health effects such as irritation of the airways, coughing or difficulty breathing.
27
 The 
former types of conditions are likely to be evident in most data sets commonly used in the 
literature. The latter, however, are likely to be unobserved by researchers as they do not lead to 
health encounters or even noticed by the affected individual (Chang et al., 2014)
28
. While 
empirical evidence suggests that symptoms from exposure to particulate matter can manifest 
within hours or days, it is unclear whether there is also an instantaneous effect (Son et al., 2013). 
This paper provides a unique opportunity to test this potential immediate effect using a novel 
quasi-experimental method.  
According to the medical and epidemiological literature exposure to particulate matter 
can affect cognitive acuity but the exact neurodegenerative effect remains largely unexplored 
(Suglia et al., 2008). One possible explanation is that any deterioration in oxygen quality may in 
theory impair brain functioning (Clark and Sokoloff, 1999). Air pollution can also impact the 
                                                 
27 For further details on such effects see http://www.epa.gov/pm/health.html 
28 Schlenker and Walker (2015) show that using an inpatient discharge data substantially underestimate the morbidity effect of 
ambient pollution. This is because inpatient discharge data excludes emergency room visits which do not require overnight 
admission.   
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nervous system, leading to symptoms such as memory disturbance, fatigue and blurred vision 
which in turn may affect cognitive performance (Kampa and Castanas, 2008). 
Despite the growing evidence of strong links between air quality and various health 
outcomes, research on the effect of air pollution on cognitive performance is remarkably scarce. 
Epidemiologists have examined such potential link but these studies are predominantly cross-
sectional in nature and do not account convincingly for confounding factors (Suglia et al., 2008; 
Wang et al., 2009). A study by Lavy et al. (2014) examined the causal relationship between 
ambient pollution and high school exit exams in Israel. In that study they found that increased 
daily exposure to ambient pollution significantly decrease test scores but were unable to 
disentangle whether this was caused by exposure during the exam or a build-up effect. Moreover, 
the results were driven by days with very high levels of pollution which are less frequent in most 
developed countries and it remained unclear whether lower level of pollution could also lead to 
reduced cognitive performance in indoor settings
29
.  
 
2.3 Data 
My data combines self-collected readings of indoor air pollution with administrative data on 
test scores and demographics of undergraduate students at a leading public research university 
within the Greater London Urban Area. For exam and demographic information I use a 
confidential student file which contains the full academic record of all undergraduate students 
that took exams during the 2012/2013 academic year. The file also contains a unique student 
identification number which allows me to observe key demographic information on each student 
                                                 
29 There is also evidence on a link between ambient pollution and indoor physical productivity.  More specifically, Chang et al. 
(2014) found that an increase in ambient PM2.5 leads to decrease in productivity at pear-packing factory.  
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such as gender, nationality and UCAS tariff points
30
. I also know the exact date, time and 
location of each exam and the allocation of students across examination sites, allowing me to 
assign indoor pollution levels to test takers. The indoor pollution data was self-collected from 15 
examination sites during the exam term
31
. I used the 3M
TM
 EVM-7 which is an advanced 
environmental monitor designed to provide real time measurements with a one per second update 
rate. The monitor provides readings on mean PM10 (µg/m3), temperature (Celsius) and relative 
humidity (%)
32
.  
According to the WHO, the air quality guidelines for particulate matter are also 
applicable to indoor spaces (WHO, 2005). Currently, the EPA and the WHO set daily PM10 
guidelines of 150 and 50 micrograms per cubic meter (µg/m3) respectively
33
. The EPA also 
report daily air quality using the Air Quality Index (AQI) for the five pollutants regulated by the 
US Clean Air Act. More specifically, the AQI is divided into six categories ranging from good to 
hazardous which are associated with different levels of health risks. AQI values above 101, 
which is about 75 (µg/m3) of PM10, pose various health risks according the EPA
34
. In the UK, 
The Department for Environment, Food and Rural Affairs use the Daily Air Quality Index 
(DAQI) to provide information about levels of air pollution and recommended actions and health 
advice for the same five pollutants. The index is numbered 1-10 and divided into four bands 
(low, moderate, high and very high). Index value of above 6, which is about 76 (µg/m3) of PM10 
is defined as high level of pollution in the UK. In my empirical analysis I mainly use the more 
                                                 
30 The UCAS tariff is a means of allocating points to pre-university qualifications, allowing a broad comparison to be made 
across a wide range of international qualifications. The tariff points system assist British universities with their admission 
decisions and their management information.  For further details see https://www.ucas.com/ucas/undergraduate/getting-
started/entry-requirements/tariff.  
31
 The exam period lasts for approximately 4 weeks during the month of May. 
32 More specifically, this is a 6 minutes average taken from each examination site and the monitor was placed at least one meter 
from the wall and 1.5 meters height from the floor to ensure reliable readings (WHO, 2011). 
33
 According to the EPA, an area meets the 24-hour PM10 standard if it does not exceed the above level more than once per year 
on average over a three-year period.  
34 The WHO guideline of 50 (µg/m3) is equivalent to an AQI of 46 which is in the “Good” category.  
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conservative WHO guideline to generate a threshold dummy which classifies exposure beyond 
the 50 (µg/m3) standards as hazardous
35
.  
Table 2.1 presents descriptive statistics of key variables of interest. My sample includes 
11,522 examination results of 2,458 students taking exams in 14 different venues across 18 days.  
Each student took 5.2 exams on average, and the pass rate was 83%. In columns (2)-(5) I stratify 
the sample by gender and ability.  I use UCAS tariff points, which is a means of allocating points 
to pre-university qualifications, as a proxy for student ability. The table indicates that there are 
more females in the sample and that they tend to achieve marginally better scores. As expected, 
the high ability subgroup achieved significantly higher marks compared to their low ability 
counterparts.  It is important to note that pollution, temperature and relative humidity do not vary 
much by sub-population. The similarity in these observables across gender and ability is 
important as it suggests that selection on observables is unlikely to drive my results. 
 
2.4 Empirical Strategy 
For identification, I crucially rely on the panel structure of the data to estimate models 
with subject and student fixed effects. More formally, I estimate the following specification: 
istisstttststststitist ISiteDurTODDayNUMRHTempfPMXR   3210 ),()1(  
where istR  is the test score of student i at site s at time t;  itX  is a vector of individual 
characteristics possibly related to test outcomes, such as gender ; stPM is  PM10 level at site s at 
time t; stTemp is the temperature
36
 at site s at time t;  stRH  is the relative humidity measure at site 
s at time t; stNUM  is the number of students taking exam at site s at time t tDay , stTOD , stDur  
                                                 
35 I also examine lower and higher thresholds in my analysis (see table 2.3 for further details).  
36 I include linear and quadratic terms for relative humidity, 5O bins for temperature, and linear and quadratic interaction terms of 
mean temperature and relative humidity. 
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and sSite  are day-of-week, time-of-day, duration and examination site fixed effects respectively; 
iI  is fixed effect for the individual; and ist is an idiosyncratic error term
37
. In order to accurately 
account for both spatial and serial correlation I use two-way cluster robust standard errors, 
clustering on both examination site and date
38
.  
There are three main econometric challenges in identifying the causal effect of air 
pollution on test scores.  First, the possible correlation between pollution exposure and 
unobserved determinants of students’ test scores. For example, if wealthy individuals are sorting 
themselves into degree subjects that exposed to lower levels of pollution (e.g. better facilities); 
naïve OLS estimation may underestimate the true causal effect of pollution as it is potentially 
mitigated by other factors (e.g. private tuition). In order to absorb these potential unobserved 
time invariant variations in subjects or individuals, I include individual fixed effects in equation 
(1). I also include controls for time-varying factors, such as daily temperature and relative 
humidity that could be contemporaneous with pollution. Nevertheless, it is still possible that 
other unobserved factors that are correlated with both pollution and test scores are still present. 
In order to limit such concern, I conduct a rich set of placebo tests which are discussed in detail 
in the next section of this paper.  
The second challenge is measurement error in assigning pollution to individuals. Most 
studies assign pollution data from ambient air pollution monitors to individuals using various 
interpolation techniques. This is likely to yield some degree of measurement error due to the 
significant spatial variation in pollution even within finely defined areas (Moretti and Neidell 
2011, Lin et al. 2001). In addition, since exams are taken indoors and normally a few miles away 
                                                 
37 Note that in a different specification I use subject fixed effects in place of the student fixed effects. Subject fixed effect is 
defined as department and year of study (for example, a second year economics student). 
38 As a robustness check I also clustered at both the student and the examination site level separately. While the former tends to 
have smaller standard errors the latter yield very similar standard errors as the two-way clustering used in this paper. HAC robust 
standard errors also yield smaller standard errors and I therefore decided to use the most conservative clustering strategy.  
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from an ambient monitor station, measurement error is likely to be exacerbated. These concerns 
are not present in this study as pollution data is collected from inside the examination site. This 
feature also allows me to ensure that I estimate the effect of exposure during the examination and 
not the potential build-up effect from exposure to pollution on the way to the exam
39
.  
Heterogeneity in avoidance behavior is the third challenge for causal inference. The 
concern is that optimizing individuals will alter their pollution exposure to protect their health as 
air pollution information is widely available to the public. For example, if sensitive groups adopt 
compensatory behavior in response to a media alert, equation (1) is likely to understate the true 
causal effect of PM10. This concern is unlikely to arise in my setting for three reasons. First, the 
allocation of students across examination sites is determined centrally by the university a few 
weeks prior to the examination date
40
.  Second, unlike ambient pollution, information on indoor 
pollution levels is unavailable to students. Third, the level of pollution measured in my study is 
sufficiently low for students not to visually notice the presence of pollution.  
Figure 2.1 and 2.2 present compelling evidence on the exogeneity of indoor PM10 in this 
study. Figure 2.1 plots the variation of PM10 within a day across different examination sites. As 
evident from the figure, there is substantial variation across and within sites in a given day. 
Figure 2.2 which plots the variation of PM10 across days within a single examination site, shows 
a high frequency variation across days, with no evidence for a systematic pattern. Figures 2.1 and 
2.2 exemplify the significant time and spatial variation of the data and further reduce concerns 
regarding possible omitted variable bias in this setting.  
 
                                                 
39
 Any build up effect is implicitly captured by controlling for day and time of exams, which among other factors will also 
capture ambient pollution. 
40 A student not attending is deemed to have failed unless extenuating evidence are provided, as such there is no possible 
selection into different time or examination venue. 
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2.5 Empirical Results 
 
2.5.1 Main Results 
Table 2.2 reports on the link between indoor coarse particulates and test scores. In the 
first two columns of panel A, I present cross sectional correlations between the continuous PM10 
measurement and student achievement. The coefficient estimates without any controls, column 
(1), suggest that a 1 unit increase of PM10 is associated with a 0.08 points decrease in a student’s 
test scores. In column (2) I add controls for age, gender, temperature, relative humidity, class 
size and dummies for day-of-week, examination venue, duration and nationality. I find that a 1 
unit increase in PM10 is associated with a 0.075 decline in test scores. Both estimates are 
statistically and economically significant but are cross sectional in nature and therefore should be 
treated with caution.  
In the last two columns of Table 2.2 I exploit the panel structure of the data to estimate 
models with subject and student fixed effects. Column (3), which includes a subject fixed effect, 
also shows a negative and highly significant effect with a more precise estimate. In order to 
account for potential confounders at the student level, column (4) estimates my preferred 
specification using within student regression. I find that a 1 unit increase in PM10 leads to a 0.06 
decline in a student’s test score, an estimate significant at the 1 percent level. These results imply 
that a student sitting an exam at a site with an average pollution level (33.15 µg/m3) will suffer a 
substantial reduction of 0.08 standard deviations in test score, as against that which the same 
person would have achieved at a site with the lowest level of pollution (4 µg/m3).  
Panel B of Table 2.2 reports on the effect of PM10 being above 50 (µg/m3) which the 
WHO considers to be an unhealthy level threshold. The results present negative and significant 
effects of coarse particles on students’ performances under most specifications. In column (4), 
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where I include student fixed effects, I find that taking an exam at a site with pollution level 
above the WHO standard is associated with a 2.868 decline in a student’s test score, which is 
equivalent to 0.15 of a standard deviation. This effect is very large and similar to estimates found 
in paying teachers and students large financial incentives (Jackson, 2010) and reducing class size 
from 31 to 25 students (Angrist and Lavy, 1999). Finally, it is worth noting that the results 
obtained using the dichotomous indicators suggest the possibility of non-linear relationship 
between indoor pollution and cognitive performance.  
As such, In Table 2.3 I examine the possible non-linear impact of PM10 on test scores by 
including dummy variables for different levels of pollution exposure simultaneously. 
Specifically, I define dummies for PM10 (µg/m3) being less than 25, between 25 and 50, between 
50 and 75, and above 75. I find no significant effect for PM10 levels below the WHO standard. 
Column 4, which show results for my preferred specification using student fixed effect indicates 
that PM10 exposure between 50 and 75 (µg/m3) is significantly associated with a 2.277 decline in 
the student’s score. When PM10 reaches 75 (µg/m3) the effect increases to 4.132, which is also 
significant at the 5% level.  Importantly, these results suggest a threshold around 50 (µg/m3) 
which is well below current EPA standards and therefore it may be economically beneficial to 
lower existing guidelines. Also note that both the WHO and the EPA guidelines are for 24-hour 
and there are no existing standards for hourly exposure to PM10. Therefore, my results may 
suggest a daily threshold below 50 (µg/m3) as air pollution tends to be higher during the day.   
 
2.5.2 Heterogeneity  
In this section I explore whether indoor air pollution has a heterogeneous effect across 
sub-populations and academic disciplines. The reason for this investigation is twofold; first, to 
test whether some subgroups are more sensitive to indoor pollution than others; and second, to 
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examine whether the effect of indoor pollution varies by subjects. To study the former I stratify 
by gender and ability and for the latter I break down my sample by subject since the cognitive 
demands of the exams may differ.  
Table 2.4 present estimates on the effects of coarse particulate on test scores stratified by 
gender, ability and subject, using my preferred specification with student fixed effects.  In the 
first two columns I break down the sample of test takers by gender. Column (1), which reports 
on the effect for the male subsample only, shows a negative and significant link between indoor 
levels of PM10 and test scores. More specifically, the results suggest that a 1 unit increase in 
PM10 (µg/m3) reduces students’ test scores by 0.086 and being above the WHO threshold 
reduces students’ test scores by 3.167. These estimates are considerably higher than the results 
obtained in the analysis for the full sample which suggests that male students are more sensitive 
to coarse particulate than their female counterpart. Indeed, Column (2), which reports results for 
the female subgroup, demonstrates such pattern precisely. The continuous coefficient drops to 
0.035 and the threshold dummy declines to 1.406 and is only significant at the 10% level. The 
results are not statistically different from each other but are suggestive of heterogeneous effect.  
A potential explanation for such difference is the higher prevalence of Attention Deficit 
Hyperactivity Disorder (ADHD) among male students which possibly makes them more 
vulnerable to distractions induced by elevated levels of indoor pollution (Biederman et al. 2002).  
 Columns (3) and (4) of Table 2.4 report on the effects of coarse particulate matter on 
students’ test scores by my ex-ante ability measure. As a proxy for ability I use UCAS tariff 
points, which are a means of allocating points to pre-university qualifications, and I break down 
the sample above or below the ability median. The results suggest that the effect of indoor air 
pollution on cognitive performance is larger among high ability students. Specifically, an 
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additional unit of PM10 is associated with a 0.070 decline in students’ test scores compared to 
0.054 among low ability students. When I use the dichotomous measure I find that exposure to 
indoor PM10 reduce test scores for low and high ability types by 2.824 and 3.098 respectively
41
. 
One possible explanation for this finding is the reasonable assumption of decreasing marginal 
returns to effort. Hence, high achievers may be more sensitive to random disturbances, such as 
indoor pollution, since any additional mark requires higher effort.   
 In the last two columns of Table 2.4 I examine the effect of indoor PM10 on different 
academic disciplines. I follow the guideline of the National Science Foundation (NCF) and 
stratify my sample into two groups; Science, Technology, engineering, and mathematics (STEM) 
and all other disciplines (non-STEM)
42
. The motivation for this analysis is to explore if some 
types of mental tasks are more sensitive to indoor air pollution. The results show that the effect is 
very large for STEM disciplines (-0.090) compared to the estimate for non-STEM subjects of -
0.038. The results suggest that tasks which require higher degree of numerical functioning are 
more affected by pollution.  
 
2.5.3 The Effect of Indoor Air Pollution on Other Academic Outcomes  
In this section I study whether transitory impaired cognitive performance also leads to 
long-term adverse effects by looking at key academic indicators that are potentially correlated 
with future career outcomes. In Table 2.5, I estimate the effect of PM10 on the probability of 
failing an exam. The results are highly significant for both the continuous and threshold 
measures, and suggest that being above the WHO standard increases the probability of failing an 
exam by 5.3 percentage points. Failing an exam can have a substantial adverse effect on 
                                                 
41 Note that the estimates are not statically different from each other and they are only suggestive.    
42 Note that the NSF uses a broader definition of STEM which also includes social sciences. In my empirical analysis I classified 
only one social science (economics) as a STEM subject.  
70
 
 
student’s future career path due to three main reasons. First, failing can delay graduation and 
may lead to a change in degree title
43
. Second, since most graduate schemes in the UK require 
submission of full transcript during the application process, failing an exam can send a bad signal 
to potential employers. Finally, in case of a retake a student can receive no more than 40 points 
(a pass) regardless of his or her actual examination score. Hence, failing an exam has a 
substantial effect on final degree classification which may affect a student’s career options.  
 In Table 2.6, I carry the analysis at the student level. Therefore, the treatment is the 
average pollution exposure across all examinations. Note that the dichotomous indicator is the 
fraction of exams above threshold (50 µg/m3) over all exams. In Panel A, I estimate the effect of 
exposure to coarse particulate matter on students’ composite score. The results indicate that an 
additional 10 units of PM10 and a 10% increase in the number of above threshold exposure are 
associated with a 1.922 and 0.933 decline in a student’s composite score respectively. In Panel 
B, I examine the effect of indoor pollution on the probability of receiving a classification of 
upper second or above. This is of particular interest as an upper second classification is a 
threshold requirement to most prestigious graduate jobs and academic graduate programs in the 
UK
44
. The results show that an additional 10 units of PM10 and a 10% increase in the number of 
above-threshold exposures reduces the probability of a student achieving a second class 
classification by 4.5 and 19.8 percentage points respectively.  
 
 
 
                                                 
43 For example, a student that study for a BSc in Management with Economics and fail the core microeconomic module can still 
graduate with a BSc in Management which may limit future career options.    
44 According to the Association of Graduate Recruiters, 78% of UK employers require an upper second classification 
(http://www.bbc.co.uk/news/10506798). 
 
 
71
 
 
2.5.4 Robustness Checks 
In this section I conduct two placebo exercises and robustness checks to ease concerns 
that my estimates may capture unobserved time varying factors which are correlated with both 
indoor air pollution and test scores. The first placebo exercise uses the level of air pollution from 
the previous exam as the coefficient of interest. Hence, if equation (1) is correctly specified the 
coefficients of the lag variables should not be statistically different from zero. The results in 
Panel A of Table 2.7 suggests that my preferred specification with student fixed effect is indeed 
not statistically significant. However, the OLS estimates with and without controls are highly 
significant which exemplifies the importance of controlling for individual unobserved 
characteristics. Note that the estimate with the subject fixed effect is also insignificant which is 
reassuring as the last section of the analysis was conducted at the student level and therefore 
cannot include student fixed effects.  
In Panel B, I perform an additional placebo exercise using my ex-ante measure of ability 
as the dependent variable. Since UCAS tariff points are based on pre-university achievements, 
they should not be correlated with exposure to indoor air pollution during university after 
accounting for unobservables. Column (3) which includes subject fixed effect shows that the 
relationship between indoor levels of PM10 and pre-university qualifications is not statistically 
significant.  Again, OLS estimates with and without controls are significant at the 5% and 1% 
levels respectively.  Overall, these results are of great importance for two main reasons. First, 
they lends further supports to the casual interpretation of my results as it reduces concerns over 
time varying characteristics that my main specification may fail to capture. Second, it 
demonstrates that OLS estimates, even with a rich set of controls, may still suffer from omitted 
variable bias.  
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Finally, in Panel C I examine whether my estimates capture only the transitory pollution 
exposure and verify that it is not related to prior exposure. More specifically, I estimate the 
correlation between the last exam score and the average pollution level from all previous exams. 
The results are not statistically different from zero in all specifications.  
 
2.6 Conclusion  
In this paper I analyze the relationship between short-term exposure to indoor coarse 
particles and cognitive performance. I perform my analysis using a unique merged data set of 
indoor PM10 levels and administrative student data. I find that a one unit increase in PM10 
(µg/m3) and being above the WHO guideline reduces student’s test scores by 0.060 and 2.868 
respectively. I also explore whether indoor air pollution has a heterogeneous effect across sub-
populations and academic discipline and find the effect is larger among male, high ability and 
STEM subgroups.  
While my results are robust to a wide range of different specifications it is important to 
note a few caveats that may limit my analysis. First, since I do not observe the exact composition 
of my PM10 readings, I can not identify whether specific components of coarse particulates are 
driving my results. Second, despite my rigorous identification strategy, which includes student 
fixed effects and a rich set of controls it is still possible that other time variant unobserved 
correlated factors are still present. For example, traffic on the way to the exam can be correlated 
with both pollution levels and test scores as heavy traffic can increase pollution and stress. 
Finally, since data on individual health conditions is unavailable I’m unable to identify the exact 
pathophysiological pathways that drive my results which may be a rewarding area for future 
research. Despite the above limitations this paper provides compelling evidence on the causal 
link between indoor air pollution and cognitive performance.  
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This analysis suggests that a narrow focus on traditional health outcomes, such as 
hospitalization and increased mortality, may significantly understate the true cost of pollution.  
This is since mental acuity is essential to most professions and therefore a reduction in indoor air 
quality can reduce productivity. My analysis also shows that the effect of indoor air pollution on 
cognitive performance is present at levels considerably lower than current EPA mandates. This is 
of particular importance as the EPA is currently reviewing whether revisions to the current PM10 
standards are warranted
45
. 
 
 
 
 
 
 
 
 
 
 
 
 
                                                 
45
For more details see http://www3.epa.gov/airtrends/aqtrnd95/pm10.html. 
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All Males Females Low High
Variable (1) (2) (3) (4) (5)
33.35 33.66 33.10 34.50 32.33
(21.51) (21.78) (21.29) (21.93) (21.08)
0.214 0.215 0.212 0.227 0.202
(0.41) (0.41) (0.41) (0.23) (0.40)
54.59 53.67 55.34 50.59 58.63
(18.05) (19.41) (16.82) (19.09) (15.86)
16.37 16.51 16.26 16.40 16.35
(2.31) (2.16) (2.41) (2.29) (2.32)
54.02 54.43 53.67 53.62 54.38
(12.15) (12.08) (12.20) (12.26) (12.07)
21.36 21.46 21.27 21.96 20.71
(2.77) (2.95) (2.61) (3.42) (1.18)
5.178 5.262 5.109 5.066 5.161
(1.41) (1.47) (1.34) (1.45) (1.32)
124.6 122.6 126.2 123.7 125.2
(75.68) (76.24) (75.18) (75.89) (75.38)
Failed an Exam 0.172 0.201 0.149 0.240 0.104
(yes=1) (0.38) (0.40) (0.36) (0.43) (0.31)
Observations 11,522 5,189 6,333 5,580 5,806
By Ability
Table 2.1
Descriptive Statistics
Age
By Gender
PM10 
(µg/m3)
Number of Students 
PM10 
(PM10 >50)
Notes: Standard deviations are in parentheses. Relative humidity is the amount of moisture in the air as a share 
of what the air can hold at that temperature. The ability level is based on UCAS tariff points which is a means of 
allocating points to pre-university qualifications. The sample is split by whether the student is above or below 
the median. 
Exam Score 
(1-100 points)
Temperature 
(celsius)
Relative Humidity
(percent saturation)
Number of Exams
75
No Controls Controls Subject Student 
(1) (2) (3) (4)
PM10 (µg/m3) -0.083*** -0.075** -0.075*** -0.060***
(0.027) (0.030) (0.020) (0.020)
Dummy for PM10>50 -2.814* -2.697** -3.445*** -2.868***
(1.461) (1.341) (0.860) (0.818)
Observations 11,730 11,522 11,522 11,522
Notes: Each cell in the table represents a separate regression.Standard errors are
heteroskedastic-consistent and clustered by examination venue and date of pollution
assignment. All regressions include suppressed controls for temperature and humidity.
*** Signifcant at the 1 percent level, ** Signifcant at the 5 percent level, * Signifcant at
the 10 percent level.
Table 2.2
Pooled OLS and Fixed Effect Models of Indoor Air Pollution's Impact on 
Test Scores
Polled OLS Fixed Effects
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No Controls Controls Subject Student 
(1) (2) (3) (4)
Dummy for PM10  >25 & <= 50 -3.087** -1.980 -1.418 -0.778
(1.480) (1.205) (0.937) (0.977)
Dummy for PM10  >50 & <= 75 -2.920* -2.374 -2.970** -2.277**
(1.540) (1.702) (1.138) (1.082)
Dummy for PM10  >75 -5.488** -5.530** -5.453*** -4.132**
(2.473) (2.377) (1.636) (1.797)
Observations 11,730 11,522 11,522 11,522
Table 2.3
Indoor Air Pollution's Impact on Test Scores 
Polled OLS Fixed Effects
Notes: See Table 2.2. Each column in the table represents a separate regression.
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Males Females Low High STEM non-STEM
(1) (2) (3) (4) (5) (6)
PM10 (µg/m3) -0.086*** -0.035 -0.054** -0.070*** -0.090*** -0.038**
(0.021) (0.022) (0.023) (0.021) (0.032) (0.019)
Dummy for PM10>50 -3.167*** -1.406* -2.824*** -3.098*** -3.553** -1.434*
(0.781) (0.791) (0.999) (0.804) (1.634) (0.738)
Observations 5,189 6,333 5,596 5,822 7,187 4,270
Notes: See Table 2.2. All specifications include student fixed effects.
Degree Subject
Table 2.4
Heterogeneity in the Impact of Indoor Air Pollution on Test Scores
Gender Ability
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No Controls Controls Subject Student 
(1) (2) (3) (4)
PM10 (µg/m3) 0.001 0.001* 0.001*** 0.001**
(0.001) (0.001) (0.000) (0.000)
Dummy for PM10>50 0.036 0.057* 0.069*** 0.053***
(0.034) (0.033) (0.020) (0.018)
Observations 11,730 11,522 11,522 11,522
Table 2.5 
Indoor Air Pollution's Impact on Failing an Exam
Pooled OLS Fixed Effects
Notes: See Table 2.2. All specifications include student fixed effects.
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Fixed Effects
No Controls Controls Subject
(1) (2) (3)
PM10 (µg/m3, 10 units) -1.510** -1.750*** -1.922***
(0.630) (0.625) (0.454)
Dummy for PM10>50 -3.527 -5.278 -9.333***
(5.427) (4.023) (2.722)
Observations 2,462 2,458 2,458
PM10 (µg/m3, 10 units) -0.055*** -0.060*** -0.045***
(0.019) (0.015) (0.011)
Dummy for PM10>50 -0.109 -0.146 -0.198***
(0.139) (0.105) (0.072)
Observations 2,462 2,458 2,458
Panel B: Upper Second Class (yes=1)
Notes: Each observation is a student and pollution is averaged over all of the tests 
taken. Standard error are heteroskedastic-consistent and clustered at deaprtment and 
year level. 
Table 2.6 
Indoor Air Pollution's Impact on Other Academic Outcomes
Pooled OLS
Panel A: Composite Score
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No Controls Controls Subject Student 
(1) (2) (3) (4)
PM10 (µg/m3) -0.086*** -0.056** -0.027 -0.008
(0.025) (0.022) (0.020) (0.022)
Observations 9,268 9,079 9,079 9,079
PM10 (µg/m3) -0.982** -1.490*** -0.675
(0.445) (0.381) (0.831)
Observations 2,438 2,438 2,438
PM10 (µg/m3) -0.039 -0.041 0.035
(0.045) (0.034) (0.031)
Observations 2,462 2,458 2,458
Table 2.7
 Placebo and Robustness Tests 
Pooled OLS Fixed Effects
Panel A: Previous Exam
Panel B: UCAS Tariff Points
Notes: See Tables 2.2 and 2.6. In panel A, I assign PM10 to each exam 
using the reading of PM10 for the previous exam of the same student to 
the actual exam. In Panel B, I use my ex-ante measure of ability as the 
dependent variable. In Panel C, My dependent variable is the final test 
score and the independent variable is the average pollution level from all 
previous exams of the same student.
Panel C: Prior Pollution
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Figure 2.1
Within Day Variation
Notes: Example of variation in PM10 within a day across venues
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Figure 2.2
 Variation Across Days
Notes: Example of variation in PM10 across days within one examination venue
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Chapter 3 
 
The Long Run Human Capital and Economic 
Consequences of High-Stakes Examinations 
 
3.1 Introduction 
Cognitive performance is critical to scholastic achievement and to successful 
performance in many occupations. Cognitive acuity can be affected temporarily by a variety of 
factors, including the intake of caffeine, nicotine, and sleep deprivation (Jarvis 1993, Angus, 
Heslegrave and Myles 1985). Factors that induce variation in the cognitive performance of 
students during high-stakes exams may be of particular interest because they potentially affect 
long-term schooling attainment, and therefore can have permanent effects on wages and 
earnings. In this paper, we examine the potential long-term effect of transitory disturbances to 
cognitive performance during high-stakes exit exams in Israeli high schools. The exams are 
known as a the Bagrut and are a critical component of Israel’s college admissions system, acting 
as a gatekeeper for the most selective schools, similar to the role played by Scholastic Aptitude 
Tests in the United States or A-levels in England and other European countries. Access to 
college majors is also determined by Bagrut performance, with many lucrative professional 
programs requiring minimum overall average scores for admission, such as law and medicine. 
As a consequence, Bagrut scores can affect an individual’s entire academic career, and 
subsequent labor market outcomes. 
Although many countries use high-stakes testing to rank students for college admission, 
the consequences of this policy are largely unknown. Does having a particularly good or bad 
performance on a high-stakes examination have long-term consequences for test takers, after 
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accounting for a student’s cognitive ability? Insofar as there are permanent wage consequences 
to variation induced by completely random shocks to student performance on a test like the 
Bagrut, it suggests that the use of high-stakes testing as a primary method for ranking students 
may be inefficient. Aggregate welfare may also be reduced by relying too heavily on 
examinations that provide noisy measures of student quality, since it may lead to poor matching 
between students and occupations, and an inefficient allocation of labor. Recent debate over the 
planned redesign of the SATs has been in part motivated by concerns that the current version is 
highly random and does not represent a fair measure of student quality (New York Times 
2014).
46
 In spite of a dearth of evidence regarding the consequences of these tests, they are used 
extensively globally to rank students and allocate opportunity by acting as a gatekeeper in 
admissions. 
Assessing the consequences of using high-stakes examinations for ranking students is 
challenging. First, large data samples are generally not available with standardized test scores 
and wages during adulthood for a representative population.
47
 Second, since higher-ability 
students presumably perform better on high-stakes tests, it is difficult to separately distinguish 
the return to cognitive ability from the return to doing well on the examination. One possible 
solution is to examine the consequences of fluctuations in a random component affecting 
performance on these tests. A candidate is fluctuation in air pollution that might have an effect 
on cognitive acuity and test scores, therefore generating plausibly random variation in a given 
student’s outcome. Air pollution has been demonstrated to adversely affect human productivity 
                                                 
46
 In a recent discussion of the planned revisions to the SATs, the president of the College Board stated that “only 20 
percent…see the college-admission tests as a fair measure of the work their students have done.” (New York Times 
2014) 
47
Note that in the United States, Educational Testing Service (ETS) is notoriously private and no scholarship (to our 
knowledge) has been carried out linking SAT scores to adult outcomes for even small subsets of the population. For 
military recruits, the ASVAB has been made available but it is unclear how relevant this is for other sub-populations 
(Cawley et al. 2001).  
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across a variety of tasks (Graff Zivin and Neidell 2012, Chang et al. 2014). Since students are 
assigned to test sites without prior knowledge of pollution or the ability to reschedule, it 
represents an exogenous factor affecting performance. This may enable direct measurement of 
the return to the component of a student’s score which is related entirely to luck, and provide 
evidence regarding whether these tests do or do not have long-term consequences. 
In this paper, we examine the long-term consequences of high-stakes examinations using 
exogenous variation in scores generated by pollution exposure. We examine student performance 
on the Bagrut, a series of examinations across different subjects that Israeli students must pass as 
a prerequisite for entry into elite universities. The analysis presented here builds on earlier work 
where we estimated the reduced form causal impact of various pollutants on cognitive 
performance (Lavy et al. 2014). In Lavy et al. (2014), we exploit exam-level data to demonstrate 
that pollution harms student performance, even in models with student-fixed effects where we 
exploit variation in pollution across test administrations for the same student. We find significant 
effects of particulate matter (PM2.5) and carbon monoxide (CO) on student performance, and 
demonstrate in a set of placebo exercises that the effects are very short-term: no significant effect 
is found of pollution on days before or after the exam. In this paper, we focus more narrowly on 
fine particulate matter (PM2.5), considered to be particularly harmful to human health and 
cognition, and use it as an instrumental variable for a student’s average Bagrut score across the 
series of examinations. Since Israel has frequent sandstorms, we are able to exploit severe short-
term pollution which generates a first-stage relationship between pollution exposure and a 
student’s Bagrut scores.48 Another feature that makes Israel a suitable context for answering this 
research question is data availability. Israel’s national registration system allows us to match the 
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 We note here that most of the Southern and central European countries, even England, are seriously affected by 
the same sand storms that originate from the Sahara.  See for example media coverage of early April 2014 episodes 
of extremely high pollution levels in this region at: http://www.bbc.com/news/uk-26844425. 
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universe of students who take the Bagrut with their completed post-high school education and 
their wages in adulthood, enabling us to examine the impact of these tests in the long run for 
every test taker. 
In the first part of our analysis, we examine the relationship between average pollution 
exposure during the Bagrut exams and long-term academic and economic outcomes. We exploit 
variation across students at the same school in their average pollution exposure, which stems 
from differences in the exam dates across different subjects. The identification assumption is that 
variation across students from the same school in the dates of Bagrut exams is not correlated 
with potential outcomes, which is a plausible assumption because dates of national Bagrut exams 
are determined by the Ministry of Education, and students choose their Bagrut study program 
years before the dates of exams are determined.
49
 Using this design, we present evidence that 
completely random variation in Bagrut scores has a long term impact on both academic and 
economic outcomes. We estimate that an additional 10 units of PM2.5 (AQI) in average exposure 
is associated with a .023% decline in a student’s Bagrut composite score, a 0.03% percent 
decline in Bagrut matriculation certification, a .019% decline in enrollment in post-secondary 
education, and a 0.15 decline in years of education at a university. The wage consequences are 
also significant, with an additional 10 units of PM2.5 in average pollution exposure lowering 
monthly income by 109 Israeli shekel ($29), roughly a 2% decline. This suggests that students 
who take an exam during a severe pollution episode experience non-trivial long run 
consequences, both academically and economically. 
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 In support of this assumption, we provide the results of balancing tests that demonstrate that pollution does not 
appear to be correlated with observable features of the student, after conditioning on the student’s school. As 
additional support for our approach, we cite evidence presented in Lavy, Ebenstein and Roth (2014) where we use 
exam-level data to estimate the effect of pollution on test scores, allowing us to simultaneously control for time-
invariant features of localities, schools and individual students. We present evidence that the results are broadly 
similar with student fixed effects or school fixed effects, supporting our identification strategy. 
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We then exploit the strong first-stage relationship between average pollution exposure 
during Bagrut exams and Bagrut composite scores to estimate the economic return to each 
additional point on the Bagrut. Using 2SLS, we estimate that each point is worth (in 2010) 66 
shekels ($18) in additional monthly earnings. Since the standard deviation on Bagrut composite 
scores is roughly 24 points, this implies that there are significant wage consequences to the 
exam, even for relatively small deviations in one’s score. We examine mechanisms for this result 
by examining our other academic outcomes, treating the Bagrut composite score as the 
endogenous regressor and using pollution as our instrument. We find that each additional 
instrumented point increases the probability of receiving a matriculation certificate by 2 
percentage points, enrollment rates in post-secondary academic schooling by 1.9 percentage 
points, and post-secondary education by .092 years. This suggests that the mechanism for the 
Bagrut’s impact on student outcomes is through the posited channel of affecting a student’s 
prospects for post-secondary education. 
In light of the strong relationship between Bagrut pollution exposure and post-secondary 
education, we are able to use 2SLS to estimate the implied return to education. We estimate that 
an additional post-secondary year of schooling is worth 707 shekels ($191) per month, an 
implied return to college education of 14%. This rate is only marginally higher relative to 
existing estimates found in Israel and elsewhere for the return to post-secondary education (Frish 
2009, Oreopoulos and Petronijevic 2013, Angrist and Chen 2011, Angrist and Lavy 2013).
 50
 As 
we discuss, the exclusion restriction may be violated in this context, but the similarity of our 
estimates to existing estimates of the return to post-secondary education is supporting evidence 
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 For example, Angrist and Lavy (2009) estimate that Bagrut holders earn 13 percent more than other individuals 
with exactly 12 years of schooling.  
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that the magnitude of our estimated effects of PM2.5 on schooling and economic outcomes are 
reasonable.
51
  
In the last section, we examine the heterogeneity of pollution’s effect on scores and 
wages across sub-populations in Israel. We find that our first-stage relationship is strongest 
among populations of Israel which have the highest rates of asthma, suggesting a physiological 
mechanism for the observed relationship between pollution and exam outcomes. Our estimated 
effects are four times larger for boys than girls, twice as large for weaker students relative to 
stronger students, and a fifth larger for students from lower SES relative to students from high 
SES background. We then examine the impact of pollution on long run outcomes for these 
groups. We estimate that a point on the Bagrut is worth more for boys than girls (78 shekels 
versus 59 shekels), for stronger students than weaker students (124 shekels versus 80 shekels), 
and for higher SES students relative to lower SES students (105 shekels versus 56 shekels). 
These magnitudes suggest that the return to an extra point is quite substantial, especially for 
already-strong students or students from privileged backgrounds, who presumably can capitalize 
on the opportunity of gaining admission to a longer academic programs or professions that 
require long (and poorly paid) internships, like law or medicine. 
Our analysis highlights a major drawback of using high-stakes examinations to rank 
students. If completely random variation in scores can still matter ten years after a student 
completes high school, this suggests that placing too much weight on high-stakes exams like the 
Bagrut may not be consistent with meritocratic principles. A second implication of this finding is 
that by temporarily lowering the productivity of human capital, high pollution levels lead to 
allocative inefficiency as students with higher human capital may be assigned a lower rank than 
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 Since the Bagrut composite score directly affects the post-secondary education options available to a student, 
2SLS models of the return to post-secondary education using pollution as an instrument will be biased by the 
omission of the Bagrut composite score. 
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their less qualified peers. This may lead to inefficient allocation of workers across occupations, 
and possibly a less productive workforce. The results highlight the danger in assigning too much 
weight to a student’s performance on a high-stakes exam, rather than their overall academic 
record. Our results also contribute to existing evidence that transitory random shocks that are 
unrelated to levels of human capital can have long-term implications for earnings (Oreopoulos et 
al.  2012). Our study also highlights the role of luck in determining wages, a pattern noted by 
other scholars (Bertrand and Mulinathan 2001). 
The rest of the paper is laid out as follows. In the second section, we present relevant 
background information on air pollution and cognition, and on the controversial use of high-
stakes examinations in college admissions both in Israel and abroad. In Section III, we present 
our empirical results for the overall sample and examine heterogeneity in the results across sub-
populations in Section IV. We conclude in Section V. 
 
3.2 Background and Data 
3.2.1 Air pollution and Cognitive Performance 
 The existing literature provides compelling evidence that cognition may be affected by 
pollution, as a result of pollution’s effect on the respiratory system. Researchers have 
documented that short-term acute exposure to particulate matter leads to increased risk of illness 
including heart disease, stroke, and lung cancer, in addition to increased hospitalization rates 
(Pope et al. 1995, Dockery and Pope 1996; Schlenker and Walker 2011, Chay and Greenstone 
2003). Exposure to fine particulate matter is particularly dangerous since these small particles 
penetrate deep in to the lungs effecting blood flow and oxygen circulation, which may also affect 
other aspects of human life, and in particular, cognition (Pope and Dockery 2006). Since the 
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brain consumes a large fraction of the body’s oxygen needs, any deterioration in oxygen quality 
can in theory affect cognition (Clark and Sokoloff 1999, Calderón-Garcidueñas et al. 2008). Air 
pollution can also impact the nervous system, leading to symptoms such as memory disturbance, 
fatigue and blurred vision (Kampa and Castanas 2008). As a result of these physiological effects, 
a recent literature has been able to document that pollution significantly lowers labor 
productivity in a variety of contexts (Graff Zivin and Neidell 2012, Chang et al. 2014). 
In a related paper (Lavy, Ebenstein and Roth, 2014), we examine the effect of pollution 
on cognition in the Israeli context, examining the relationship between test scores and exposure 
to particulate matter and carbon monoxide. We analyze the impact of pollution in a panel data set 
where we observe the same student taking multiple exams with different levels of pollution on 
each day, enabling us to estimate models with student fixed effects. For particulate matter 
exposure, we find that a one standard deviation increase in the PM2.5 AQI value (σ =22.81) on 
the day of an exam is associated with a .65 point decrease in score, or 2.8% of a standard 
deviation.
52
 We also find that our results are largely driven by poor performance of test takers on 
extremely polluted days, with an AQI reading above 101 for PM2.5 associated with a decline in 
test score of 1.95 points, or 8.2% of a standard deviation. These results suggest that modest 
pollution levels have only a marginal impact, but extremely polluted days can have much larger 
impacts, suggesting a non-linearity in pollution’s relationship with cognitive performance.  
In this paper, we focus our attention exclusively on particulate matter (PM2.5): a complex 
mixture of solid and liquid microscopic droplets found in the air that consists of various 
components including acids, metals, dust particles, organic chemicals and allergens. This is a 
natural choice since it is arguably the most harmful pollutant for human health, and presumably 
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 We find the effect is concentrated on the day of the exam, with insignificant effects on the day before and day 
after the exam. Results can be found in Ebenstein, Lavy, and Roth (2013). 
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most likely to affect cognition. We also focus on student-level data instead of exam-level data, 
since our interest here is understanding how a particular student is affected by variation in their 
composite Bagrut score, which has more relevance for understanding the long-term 
consequences of the exam. 
 
3.2.2 High-Stakes Examinations in Israel and Abroad   
Since the Scholastic Aptitude Test’s (SAT) first administration in 1926, it has been taken 
by millions of test-takers and has been used to rank students applying for college in the United 
States, and similar tests are used around the globe. However, the use of these tests is extremely 
controversial. Numerous concerns have been voiced by both popular and academic sources, 
including allegations of racial bias, arguments that test prep courses give privileged students an 
unfair advantage, and suggestions that the test places too much emotional stress on students.
53
 
Nevertheless, the SAT remains a critical component of college admissions in the US and, just as 
the Bagrut does in the Israeli educational system. The great weight placed on an exam given on 
one particular day has the benefit of being a cost-effective way of comparing students across 
schools with a similar metric, but may also represent a noisy measure of student quality. Many 
factors can affect student performance that are unrelated to cognitive ability, including how a 
student slept the previous night, whether the testing room has a comfortable temperature, and 
potentially, exposure to ambient air pollution. In light of the great weight placed on test scores in 
admissions processes at many elite schools, it is worth knowing whether (a) these scores are 
sensitive to random shocks and (b) whether bad draws have long-run consequences. Since this 
would be an extremely challenging question to address in the US, where SAT score data is 
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 In 2001, the President of University of California famously threatened to remove the SAT requirement for 
admission, leading to a re-design of the examination and the introduction of a writing section. However, the writing 
section later came under fire for rewarding students simply for lengthy essays (Winerip 2005). 
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fiercely guarded and generally not available for matching to adult outcomes, the Israeli Bagrut 
represents a novel opportunity to examine this question. 
All universities and most academic and teachers’ colleges require a Bagrut certificate for 
enrollment, while entry requirements for other post-secondary education establishments, such as 
academic colleges, are lower.
54
 For a given field of study, it is typically more difficult to be 
admitted to a university than to an academic college, since universities are both more prestigious 
and more heavily subsidized by the government. Students earn a Bagrut certificate by passing a 
series of national exams (Bagrut tests) in core and elective subjects following tenth and eleventh 
grade, and then passing a larger set of exams following twelfth grade. The exam focuses on 
seven mandatory subjects and one or more elective subjects, allowing us to observe students 
completing exams with separate grades for each examination and over a range of subjects. About 
52 percent of high-school graduates in 2002 and 46 percent of the overall cohort received 
matriculation certificates, a figure that is publicized in the national media in light of the great 
significance of passing the Bagrut in the Israeli educational system  
Students are admitted to university programs on the basis of their average Bagrut scores 
and a separate psychometric examination. Each university ranks applicants according to the same 
formula, thus producing an index based on a weighted average of the student’s average score on 
all his or her Bagrut exams and the psychometric examination. This ranking determines students’ 
eligibility for university admission, and even which major they can choose within the university. 
Therefore, pollution levels can affect students’ university schooling by affecting their probability 
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 The post-secondary education system in Israel consist of eight universities that grant PhDs (as well as 
other degrees), approximately 50 academic colleges which offer undergraduate degrees (of which a very 
limited subset which offer masters degrees), and a set of non-university institutions of higher education 
that confer teaching and vocational certificates. Practical engineering colleges run two-year programs awarding 
degrees (or certificates) in fields like electronics, computers, and industrial production. An additional two years of 
study in an engineering school is required in order to complete a BSc in engineering. 
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of passing Bagrut exams, and also by affecting the average score in these exams. The first 
channel will affect eligibility for university admission while the second will affect which 
programs (or majors) will be available to the student.  
 
3.2.3 Data 
Our data set is generated by combining Israeli test score data with air pollution and 
meteorological data for 2000-2002, and subsequent higher education and earnings outcomes 
from 2010-2011. The Bagrut exam information and demographic information for each test taker 
are provided by the Israeli Ministry of Education. These files also contain rich demographic 
information on the student and the student’s family, such as parental education level, number of 
siblings, country of origin, and ethnicity. For each exam, we also know the exact date of the test 
and the precise location of the testing site, allowing us to assign pollution measures to each test 
administration. Our pollution data are taken from files published by the Israeli Ministry of 
Environmental Protection, which reports daily mean readings of particular matter less than 2.5 
microns in width, or PM2.5 (µg/m
3
) at 139 monitoring stations throughout Israel for the sample 
period (see Figure 1.1). Readings are taken at 5 minute intervals and averaged over the course of 
the day. Each test site, which is at the student’s school, is assigned the average pollution reading 
for all monitoring stations within 2.5 kilometers of the city limits of the school. Since Israeli 
cities are not very large, we generally are taking readings from stations very close to the schools. 
While we ideally would have a measure of pollution inside the test room, the air quality inside a 
test site is presumed to be highly correlated with the ambient reading outdoors (Branis et al. 
2005).  Schools that had no monitoring station within the city limits or 2.5 kilometers of the city 
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limits were dropped from the sample.
55
 These monitoring stations also record temperature and 
relative humidity, which are also assigned in a similar manner to pollution and are used as 
control variables. We use the daily average reading of pollution, temperature, and humidity at the 
monitoring stations in our analysis. The pollution measure is then converted into units of Air 
Quality Index (AQI) using a formula specified by the US EPA.  
Our information on post-secondary enrollment and earnings is taken from administrative 
records provided by the National Insurance Institute of Israel (NII). In order to facilitate the 
analysis presented here, the NII Research and Planning Division constructed an extract 
containing indicators of post-secondary enrollment, the number of years of post-secondary 
schooling, annual earnings, and number of months employed among all individuals in our study. 
This file was then merged with our original sample and analyzed at a secure research lab at the 
NII headquarters in Jerusalem, Israel. Our administrative sample includes information for each 
student on whether they have ever enrolled in higher education for each of the aforementioned 
institution types, and the number of years they were enrolled in higher education by institution 
type. This information is available for all students, and is recorded as of the 2010-2011 academic 
year. The youngest cohorts in our sample are already 28 years old at this time, implying that 
even after accounting for compulsory military service, most students who enrolled in post-
secondary education, including those who continued on to graduate school, will have graduated 
by 2010-2011.
56
 
The summary statistics for our sample are presented in Table 3.1 in two panels; Panel A 
reports sample means of our exam-level data, and Panel B reports sample means of our student-
level data. The sample is composed of 415,219 examinations taken by 55,873 students at 712 
                                                 
55 Since Israel’s population is densely concentrated in several metropolitan areas, this led to the dropping of less than 
5% of schools. 
56
 Boys serve for three years in the military and girls for two (longer if they take a commission).  
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schools throughout Israel. In columns (2) and (3) we stratify the sample by sex, and in columns 
(4) and (5), we stratify by a measure of achievement known as the Magen score. The Magen 
score is calculated using the student’s performance over the course of the school-year, and on 
exam similar to the Bagrut, making it a natural candidate for stratifying the sample by student 
quality.
57
 As shown in Table 3.1, for each Bagrut examination we observe the exam score, the 
pollution the day of the exam (PM2.5), and the average temperature and humidity that day.
58
 The 
table reveals that students face average pollution levels (AQI) that appear balanced along 
observables, with similar average readings among boys and girls (59.5 versus 59.9), and among 
higher/lower achievement students (60.0 versus 59.5). The sample means also reflect that girls 
perform better than boys, and student with higher Magen scores also have higher Bagrut scores.   
In Panel B, we report our student-level means, which includes demographic information 
on the student, the education of both parents, and the student’s earnings in 2010. Since our 
analysis of long-term economic outcomes will rely on school fixed effects, it is particularly 
important that we are able to include this rich set of control variables. The sample means also 
reveal several interesting patterns, including the higher achievement of girls: roughly 71% of 
girls receive a matriculation certificate, compared to only 64% of boys. Interestingly, however, 
girls earn lower earnings than their male counterparts. Boys earn on average 5,531 New Israeli 
Shekels (NIS) versus 4,699 for girls ($1≈ 3.75NIS). In columns (4) and (5), we observe higher 
rates of matriculation certification (91% versus 48%) and wages (5,352 versus 4,867) in the 
group of high achievement students, consistent with our expectations. Almost two thirds (63%) 
of a high school cohort are enrolled in post-secondary studies, 27% in universities, and 25% in 
academic colleges. The sample also reveals that we are able to match the entire universe of 
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 The date on which the Magen exam is given is unavailable, precluding a direct analysis of these scores. 
58
 These variables are not shown due to space considerations but are used in regressions available in the appendix. 
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student test takers with their long-term outcomes, a particularly desirable feature of our data 
relative to panel data sets that face attrition. 
 
3.3 Empirical Strategy 
Our analysis focuses on student-level data, where we exploit variation across students in 
their average level of pollution across all their Bagrut tests. In this setup, the endogenous 
regressor is the student’s Bagrut composite score, which is calculated as the average score across 
the Bagrut examinations. The identification assumption in the 2SLS analysis is that variation in 
the timing of Bagrut exams is not correlated with potential outcomes, after conditioning on a 
student’s school. This is a plausible assumption because dates of national Bagrut exams are 
determined by the Ministry of Education, and students choose their Bagrut study program years 
before the dates of exams are determined. The realization of pollution level on different exam 
dates is random, and therefore variation in average pollution exposure is also random. In support 
of this assumption, we provide balancing estimates that demonstrate that, conditioned on locality 
or school, pollution does not appear to be correlated with observable features of the student.  
A likely possibility is that pollution is correlated with time invariant features of a testing 
location or a particular student. For example, if poorer schools are located in more polluted parts 
of cities, OLS will likely overstate the causal link between pollution and test scores. Conversely, 
if schools in denser (and wealthier) cities have more pollution exposure, OLS might understate 
the true cost of pollution, as it is mitigated by other compensating factors (e.g. tutoring). More 
generally, endogenous sorting across schools, heterogeneity in avoidance behavior, or 
measurement error in assigning pollution exposure to individuals will all bias results that do not 
properly account for unobserved factors correlated with both our outcome of interest and 
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ambient pollution (Moretti and Neidell 2011). In our setup, since we account for time-invariant 
features of schools and students with fixed effects, the challenge relevant to our estimation is to 
account for omitted variables that are varying over time but are potentially correlated with 
pollution and Bagrut scores. For example, if weather or traffic the day of the exam is correlated 
with pollution, our fixed effects models will fail to identify the true effect. In our empirical 
analysis, we include controls for time-varying factors that could be contemporaneous with 
pollution, such as daily temperature and relative humidity, but of course it is untestable whether 
there are factors that are unobserved that are both correlated with pollution and Bagrut exam 
scores. In Lavy et al. (2014), we conduct a rich set of robustness checks and placebo tests 
documenting the impact of pollution on test performance.
 59
 In this paper, we are interested in 
exploiting this relationship to examine the consequences of high-stakes exams. 
Our estimation strategy is relatively straightforward. We estimate models relating the 
average air quality conditions during the examination to the student’s composite score. Formally, 
the first stage model that we estimate is of the following form: 
issisisisisis
SRHTempPOLXR   3210)1(  
where isR  is the Bagrut composite test score of student i at school s; ;  itX  is a vector of 
individual characteristics possibly related to test outcomes, such as parental education: isPOL  is 
average air pollution exposure of student i at school s across the examinations; isTemp is the 
mean temperature for student i at school s across the examinations;  isRH  is the average 
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 In Lavy et al. (2014), we estimate models with higher order polynomial functions of temperature. The results are 
very similar, which is logical, since most classrooms where the exams are held have air conditioners.  
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humidity measure of student i at school s across the examinations; sS  and  is an idiosyncratic 
error term. The second stage equation is as follows:  
issisisisisis
SRHTempRXO   3210
ˆ)2(  
where isO are the other long-term outcomes: Bagrut matriculation, post-secondary enrollment, 
post-secondary years of schooling, and monthly earnings, all measured at age 30 and sS  is a 
school-fixed effect. 
 
3.4 Empirical Results 
3.4.1 Estimates of Pollution’s Impact on Long-Term Outcomes  
In this section, we first examine the reduced form relationship between average PM2.5 
exposure during the Bagrut exams and long-term outcomes. For identification we rely on 
variation in average pollution exposure across students within school which is driven by the 
timing of different exams across different subject areas. As previously discussed, this is unlikely 
to be correlated with student potential outcomes. We empirically support this in balancing 
exercises presented in Table A3.1, where we demonstrate that, conditioned on city or school, 
pollution does not appear to be correlated with observable features of the student. We find that 
the balancing coefficients estimates are of small magnitude and not significantly different than 
zero. As further evidence in support of our identification strategy, we also note that in results 
presented in Lavy et al. (2014), the estimated effect of pollution was not systematically sensitive 
to adding student fixed effects, suggesting that our results are robust to the type of fixed effects 
included. 
eist
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In Table 3.2, we present the reduced form effect of average PM2.5 on several academic 
outcomes related to the Bagrut. including average score (composite score), passing rates, and 
proportion of students who receive matriculation certification. In the first row, we report the 
impact of pollution on a student’s Bagrut composite score; we estimate that an additional 10 
units of PM2.5 (AQI) is associated with a 2.66 and a 1.64 unit reduction in a student’s composite 
score in our models with city and school fixed effects respectively, an estimated effect of roughly 
13% and 20% of a standard deviation respectively (σ=23.7). In rows 2-4, we examine how 
pollution affects students who are closer to the margin in terms of continuing on to higher 
education. In particular, in our preferred models with school fixed effects, we find that pollution 
exposure of an additional 10 units of PM2.5 (AQI) raises the total number of failed exams by 
0.11, raises the proportion of failed exams by 1.5 percentage points and lowers matriculation 
certification rates by 3.3 percentage points. Since matriculation certification is required by many 
elite post-secondary academic institutions in Israel, it is likely that students which suffer a 
negative shock that lowers their certification probability will ultimately impact their prospects 
for higher education. In rows 5 and 6, we present the estimated effect of average pollution 
exposure on two longitudinal educational outcomes: enrollment in post-secondary institution 
(1=yes), and years of postsecondary schooling attained. Indeed, we find that enrollment rates in 
higher education decline by 3.1 percentage points and schooling declines by 0.15 years when a 
student is exposed to an additional 10 units of PM2.5 (AQI). All estimates are statistically 
significant at the 5% level, and suggest that taking Bagrut exams in highly polluted days can 
have long-lasting effects on schooling attainment. In row 7, we present the reduced form effect 
of average PM2.5 on average monthly earnings. In our preferred specification with school fixed 
effects in column 3, we estimate that a student exposed during the Bagrut exams dates to an 
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additional 10 units of PM2.5 (AQI) is associated with an average monthly earnings decline at age 
28 of 109 shekels ($30). This estimate is also precisely estimated, with a T statistic greater than 
three. 
 
3.4.2 The Long-Term Consequences of the Bagrut 
In Table 3.3, we use as a first-stage relationship the highly significant reduced form effect 
of pollution on a student’s Bagrut composite score to examine the long-term consequences of the 
examination. In Panel A, we estimate the return to an additional point on the Bagrut composite 
score using 2SLS. In the first row, we reproduce the relationship between the Bagrut composite 
score and PM2.5 shown in Table 3.2 that is used here as our first-stage. Exploiting the 
relationship between scores and pollution, we find using 2SLS that an additional point is worth 
45 shekels in monthly earnings in models with city fixed effects, and 66 shekels in our preferred 
specification including school fixed effects. Since the standard deviation of the Bagrut composite 
score is roughly 23 points, these estimates imply that even small deviations from a student’s 
“average” score can have significant consequences on adult income.   
In Panel B, we use the first-stage relationship between pollution and the Bagrut 
composite score to examine the mechanisms underlying the strong relationship between scores 
and earnings. Since the Bagrut composite score is an important factor in gaining admission into 
lucrative courses of study, it is logical to examine whether the instrumented score is correlated 
with subsequent educational outcomes. As shown in Panel B, we find that each additional 
instrumented point increases the probability of receiving a matriculation certificate by 2 
percentage points, enrollment rates in post-secondary schooling by 1.9 percentage points, and 
post-secondary educational attainment by .092 years. This indicates that an additional Bagrut 
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point has a tremendous economic value to a student, and even random variation in scores can 
have important consequences for a student’s future attainment of post-secondary schooling. 
In Panel C, we exploit the relationship between pollution exposure and the Bagrut 
composite score to estimate the return to an additional year of post-secondary schooling. It is 
worth noting that this strategy does not identify ‘cleanly’ the rate of return to schooling since the 
Bagrut score can directly affect earnings, and therefore its omission might violate the exclusion 
restriction. However, as way of benchmarking our results, we wish to compute the return to 
education and compare our estimates to those found in the existing literature. Treating post-
secondary schooling as the endogenous regressor and PM2.5 as the instrument, we estimate using 
2SLS that each additional year of post-secondary schooling is worth 707 ($191) shekels. This 
estimate implies a rate of return to college education of 14%, which is somewhat higher in 
comparison with recent estimates in Israel and elsewhere. For example, Angrist and Chen (2011) 
exploit variation in veteran status and the GI Bill to estimate a return to education of roughly 9%. 
While our IV approach will not be valid if pollution exposure on exam dates leads to a 
permanent diminution of intellectual ability, in light of the highly temporary nature of pollution 
in Israel, such as sandstorms, we think it is unlikely that our effects are picking up such an effect. 
In Lavy et al. (2014), we present evidence that exposure to pollution in our data is only related to 
temporary variation in performance. We find that a student’s average pollution exposure during 
the Bagrut period (May-July) in 11
th
 grade has no correlation with his or her average Bagrut 
scores on exams taken in May-July of 12
th
 grade, suggesting that the effects we estimate are 
capturing the consequences of short-term random shocks, rather than reflecting long-term 
cognitive diminution.  
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We examine possible mechanisms for our results by examining how pollution affects the 
probability of a student matriculating at different types of post-secondary institutions. If our 
results are operating through a mechanism in which the Bagrut is a gatekeeper to lucrative 
occupations, we should find that our results are driven by large estimated effects for universities, 
and milder effects for academic colleges. In fact, it may be that for students who attend technical 
schools, there is no financial value to passing the Bagrut, insofar as they purse a profession of a 
technical nature. This could similarly be true for students planning to be small business 
managers, which is common in Israel, especially among the Israeli-Arab population, who 
generally have more limited access to lucrative professions.
60
 As reported in Table A3.3, this is 
indeed the case, with our effects significant and negative only for the probability of attending a 
university. In fact, interestingly, the impact of pollution is positive (though imprecisely 
measured) for the less competitive programs, such as teacher’s colleges and semi-engineering 
programs, possibly due to students being shifted out of universities or academic colleges and into 
these less selective programs. 
 
3.4.3 Heterogeneity 
In this section, we examine heterogeneity in the relationship between the average Bagrut 
score and long-term schooling and economic outcomes using the variation generated by 
pollution. We stratify our data by comparing three groups: boys and girls, academically stronger 
and weaker students, and students from high and low socioeconomic background. We begin with 
an analysis of the first stage relationship between pollution and test scores in the three sub-
samples. Our motivation for this stratification is twofold. First, we have a prior that asthma rates 
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 Willis and Rosen (1979) find that, in a sample of World War II veterans, comparative advantage dictates whether 
people sort into higher education. This is consistent with our findings, which indicate that there is almost no 
marginal value of academic achievement for the lower ability students. 
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are higher among boys and among those of lower SES. Insofar as we observe larger effects for 
these groups, it sheds light on a possible mechanism for our finding, and implies that our result is 
being driven partly by a physiological mechanism. Second, in terms of fairness, it is worth 
considering how these exams affect different students. Since these exams are often the 
gatekeeper for prized occupations in Israel, it is worth investigating how different students are 
able to capitalize on these forms of achievement. 
3.4.4 Heterogeneity in the Responsiveness to Pollution 
We first examine whether there is heterogeneity in the relationship between scores and 
pollution by building on a set of stylized facts regarding which groups would be most sensitive to 
poor air quality, taken from an extensive medical literature. First, Israeli boys are more likely to 
be asthmatic than Israeli girls (Laor et al. 1993). Second, children of lower economic status are 
known to have higher rates of asthma and respiratory illnesses (Eriksson et al. 2006, Basagana et 
al. 2004). Third, Laor et al. (1993) also found that Ashdkenazic Jews (ethnic origin from America 
and Europe) have 63% higher incidence of these illnesses than Sephardim (ethnic origin from 
Africa and Asia). This gives a rich set of potential comparisons for gauging whether asthma (or 
other respiratory illnesses) is a mechanism for the observed reduced form relationship between 
pollution and exam outcomes.  
We estimate models in the same manner as those reported in Table 3.2, based on panel 
data at the exam level, separately by sex, student quality, and student background (SES). These 
results are presented in Table A3.4. The evidence in Panel A suggest that boys are between 2 and 
4 times more sensitive to pollution than girls. We posit that the difference could be partly 
generated by the different asthma rates in these cohorts. Another possibility is that male students 
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are more likely to be affected by small cognitive decline and distraction, consistent with higher 
rates of Attention Deficit Disorder in males (Biederman et al. 2002). As shown in Panel B, a 
similar pattern is found when comparing between academically weaker and stronger students. 
When we stratify the students by whether their Magen score is above or below the median, our 
estimated treatment effects for PM2.5 are more than two times larger among those classified as 
low achievers. The results also indicate a similarity between results estimated with school and 
student fixed effects, which is reassuring since our results on earnings are estimated at the 
student level and rely on school fixed effects. Lastly, in Panel C, we stratify the sample by SES. 
It may be that poorer families are more affected by air pollution as well, due to lower ability to 
engage in compensating behavior (Neidell 2004). Poorer children also have higher incidence of 
asthma (Basagana et al. 2004, Eriksson et al. 2006). We proxy SES with the student’s father’s 
education, with high SES being students with a father above the median value in our sample. We 
again find evidence in support of an interpretation that the relationship between pollution and 
exam performance is driven by a physiological mechanism.
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3.4.5 Heterogeneity in the Long-Term Consequences of the Bagrut  
 In this section, we examine the long term schooling and economic consequences of the 
Bagrut for different sub-populations in Israel. We repeat the group breakdowns used earlier, 
dstratifying students by sex, quality, and socio-economic background. In Table 3.4, columns 1 
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 In Lavy, Ebenstein and Roth (2013), we examine the relationship between air pollution exposure and the 
probability of failing a Bagrut exam for each of these sub-populations. The results indicate that boys are more 
sensitive to PM2.5 than girls, lower quality students are more sensitive than stronger students, and students from 
lower SES backgrounds are more sensitive than those from higher SES backgrounds. For example, raising the 
fraction of days with very polluted air by 10 percentage points is associated with a .57 percentage point increase for 
boys in the chance of failing a particular Bagrut in models with student fixed effects. Girls appear largely 
unaffected, with the increased chance of not passing being statistically indistinguishable from zero. The gap is even 
more striking for student with low Magen scores: a 10 percentage point increase in the fraction of days with very 
polluted air is associated with a .59 percentage point increase in failure probability. 
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and 2 of Panel A, we present estimates of the return to an additional point on the Bagrut using 
2SLS, where the Bagrut composite score is treated as the endogenous regressor and PM2.5 is the 
instrument. Our results by student sex are reported in columns 1 and 2, and indicate that the 
return to an additional point is roughly 60% higher for boys than girls: 78 shekels vs 59 shekels 
($21 vs $16). One explanation is that women choose less financially rewarding fields of study 
than men, even when they have similar qualifications, as a result of gender attitudes in Israel. It 
is also worth noting that although female labor force participation rates are relatively similar to 
the US, Israeli women have much higher fertility than their American counterparts.
62
 This may
lead Israeli women to choose less lucrative professions than men and often work part time, which 
would be reflected in a lower payoff per additional year of higher education. In our context, this 
is plausible, since many Israelis work in government jobs which are lower-wage, offer more 
flexible work schedules, and have generous maternity leave policies. A second explanation is 
that this is driven by discrimination against women in the labor market, resulting in a lower 
payoff to an additional year of schooling. 
In columns 3 and 4, we find larger returns to a point among higher achievement students. 
Specifically, stronger students experience a 124 shekel return to each point, compared to only a 
80 shekel return among lower quality students ($34 vs $22). We offer two explanations for this 
finding.  First, it may be related to the instrument we are using; insofar as our estimate is a local 
average treatment effect where the disturbance to a student’s true potential is relatively small, the 
estimated return to an additional point on the Bagrut will be larger among those who could 
participate in lucrative occupations. For weaker students, pollution is not affecting their already-
62
Average fertility rates in Israel are 3.0, roughly 50% higher than the US rate of 2.0 (World Bank, 2010). However, 
employment rates are relatively similar. Among women 25-45, the employment rates among Israeli men and women 
were 80% and 61% respectively (Israel 1995 census), compared to rates in the US of 86% and 69% (US 2010 
census). 
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low chance of being accepted into a very lucrative profession. A second explanation is that there 
are heterogeneous returns to different types of higher education. So, for example, the return to an 
additional year of studying economics might be different than the return to philosophy. Since 
Israeli majors have different standards for admission, with humanities having lower standards 
generally, our estimates may be picking up the differences between the return to different majors, 
which provide an avenue to different occupations. Unfortunately, our data do not contain 
information on area of study, precluding further examination into this hypothesis.  
In columns 5 and 6, we observe very large differences between students of high and low 
SES. The return to an additional point is 105 shekels ($28) among high SES, and roughly half 
that amount for low SES (56 shekels or $15). Interestingly, this gap is even larger than when we 
had previously split the sample by Magen score in columns 1 and 2. This suggests that coming 
from a wealthier background raises the return to education significantly, and in a more dramatic 
way than even stratifying by student quality. One possible explanation is that parental income 
enables students to undertake longer and more costly academic paths, but results in them landing 
ultimately in more lucrative positions. Having a non-binding funding constraint could be a partial 
explanation for the higher return to higher education. Another explanation is that credentials and 
connections are complements, so students with greater social capital and qualifications can 
capitalize on their qualifications more than students from less privileged background. 
In Panel B of Table 3.4, we examine the mechanisms for the aforementioned results by 
estimating 2SLS models where we instrument for a point with pollution and treat the Bagrut 
composite score as our endogenous regressor. We repeat our earlier analysis performed on the 
overall sample, and examine 3 channels through which Bagrut scores may influence long run 
economic outcomes: by affecting the probability of receiving a matriculation certificate, by 
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affecting enrollment rates in post-secondary institutions, and through its effect on total 
completed post-secondary education. Interestingly, we find that girls, weaker students, and lower 
SES background students are more affected by each additional instrumented point on the Bagrut 
than boys, stronger students, or higher SES background students. We interpret this as evidence 
that the stakes of each point is higher for students with lower labor-force attachment or less 
economic advantage – not necessarily economically in terms of the consequences for wages, but 
in terms of their likelihood of pursuing post-secondary education.  
 For example, if male students are committed to participating in a lucrative profession, 
they will perhaps be less dissuaded by a poor score; in Israel, students can attend a lower-ranked 
school in their field of study of choice, if they are denied admission in the top programs in Tel 
Aviv or Jerusalem. Likewise, stronger students and students from high SES background may 
proceed with their intended course of study in spite of a bad score. Greater commitment to the 
labor force or greater access financial resources may result in matriculation at campuses in other 
cities, such as Be’er Sheva, where students generally cannot live at home and need to pay for 
dormitories but often have lower Bagrut score thresholds for admission. Having sufficient 
economic resources could also facilitate a student retaking the exam in a subsequent year, 
lowering the stakes of a single bad outcome for students from privileged backgrounds.
63
 Our 
analysis of mechanisms highlights the disruptive effect of a poor Bagrut outcome on female and 
weaker/low SES students, and is further evidence that reliance on the Bagrut has questionable 
properties in terms of supporting a meritocratic environment. 
 
                                                 
63
 Vigdor and Clotfelter found this to be important in the US context, where students from wealthier backgrounds 
are more likely to retake the SAT (2003). However, since Israeli high-school graduates immediately begin a period 
of military service (3 years for boys and 2 years for girls), retaking the exam is only possible with a long delay. 
Therefore, retaking the exam is relatively uncommon but could explain in part the weaker relationship between 
instrumented Bagrut scores and post-secondary education for students from high SES.  
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3.4.6 Heterogeneity in the Returns to Higher Education  
 In Table 3.5, we examine heterogeneity in the estimated return to education by sub-
population in Israel using 2SLS, with pollution again as our instrument for Bagrut composite 
scores. Note that since pollution affects scores as well, this will not satisfy the exclusion 
restriction, but is worth exploring nonetheless to assess the economic magnitude of our estimated 
effects. In Panel A, where we stratify the sample by sex, we estimate that an additional 10 units 
of PM2.5 reduces male and female post-secondary schooling by 0.17 and 0.14 years respectively. 
We estimate that the return to an additional year of schooling is 888 shekels and 564 shekels 
respectively ($240 versus $152), suggesting that male students are more able to capitalize on 
post-secondary education, possibly due to the choice of more lucrative majors and professions, 
discrimination in the labor force, or due to their stronger labor-force attachment. We also find 
that stronger students are able to capitalize more from higher education: the wage return to post-
secondary schooling is nearly twice as high among stronger students, with each year increasing 
wages by 1,131 shekels per month for strong students and only by 698 for weaker students. This 
pattern is even more extreme when we consider students stratified by SES: an additional year is 
worth 1,264 shekels to a student of high SES background, more than twice the return to low SES 
students (580 shekels). Similar to our discussion of the return to a point on the Bagrut, this 
highlights the interplay between achievement and status: the results indicate that the return to 
post-secondary education is largest among those most able to leverage this achievement, 
highlighting an additional avenue by which high stakes examinations can affect the wage 
distribution and wage inequality.  
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3.5  Conclusion  
This paper has examined the relationship between transitory shocks to performance in 
high stakes exams and their long term consequences for determining college schooling 
attainment and earnings. We exploited variation in ambient air pollution during high-stakes 
examinations as an instrumental variable, and demonstrated that pollution affects student test 
scores on very important high-school exit exams, which in turn affects post-secondary schooling 
and long run earnings. Our analysis consisted of two parts. First, using a large sample of Israeli 
high-school Bagrut examinations (2000-2002), we presented evidence that there is a robust 
negative relationship between academic outcomes and random fluctuations in ambient pollution 
concentrations. Among Israeli sub-populations with higher rates of asthma and respiratory 
illnesses, our estimated treatment effects for PM2.5 are larger, suggesting that physiological 
impairment is a potential mechanism for our findings. Second, using matched data between 
students and their adult earnings, we find that ambient pollution exposure during the Bagrut has 
long-term consequences; students exposed to high levels of pollution during the Bagrut are less 
likely to receive a matriculation certificate, have fewer years of post-secondary schooling, and 
have lower wages when they are observed 8-10 years after high school graduation.  
We argue that this is evidence that placing so much weight on Bagrut scores may reduce 
welfare for unlucky students and lead to allocative inefficiencies. As a result this will negatively 
affect the overall economy, as the mis-ranking of students due to variability in pollution 
exposure could result in poor assignment of workers to different occupations and reduce labor 
productivity. Our findings also suggest that the exams may be generating random variation in 
people’s opportunities, consistent with recent concerns voiced by officials in the US regarding 
the reliance of the SATs for college admissions (Lewin 2014). 
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All Boys Girls Low Scores High Scores
Variable (1) (2) (3) (4) (5)
Pollution Measures
21.05 20.89 21.18 21.15 20.96
(10.86) (10.57) (11.10) (10.88) (10.87)
59.74 59.47 59.98 60.01 59.51
(22.81) (22.50) (23.08) (22.89) (22.75)
0.05 0.05 0.05 0.05 0.05
(0.21) (0.21) (0.22) (0.22) (0.21)
Examination Outcomes
70.76 68.91 72.33 53.22 77.10
(23.74) (24.86) (22.64) (30.69) (22.18)
0.19 0.21 0.17 0.33 0.04
(0.39) (0.41) (0.37) (0.47) (0.19)
75.45 73.27 77.30 64.09 86.93
(21.37) (22.50) (20.19) (23.25) (10.47)
Climate Controls
23.81 23.81 23.82 23.84 23.83
(2.61) (2.61) (2.62) (2.66) (2.50)
50.90 50.86 50.94 50.98 50.95
(14.71) (14.52) (14.87) (15.08) (14.35)
Observations 415,219 190,410 224,809 206,571 204,527
Demographic Information
11.44 11.60 11.30 10.79 12.08
(5.04) (5.09) (5.00) (4.87) (5.13)
11.62 11.83 11.44 10.85 12.39
(5.03) (5.02) (5.03) (4.84) (5.10)
2.02 1.95 2.07 2.03 2.00
(1.58) (1.49) (1.65) (1.61) (1.55)
Bagrut Outcomes and Matriculation Certification Rates
Bagrut Composite Score 70.76 68.91 72.33 53.22 77.10
(23.74) (24.86) (22.64) (30.69) (22.18)
By Sex
Panel A: Exam-Level Data
Panel B: Student-Level Data
Table 3.1
Summary Statistics: Particulate Matter Exposure and Israeli Bagrut Scores
PM2.5 
(µg/m3)
PM2.5 
(AQI Index)
By Magen Score 
(Course Grade1)
Relative Humidity
(percent saturation)
PM2.5 
(AQI ≥101)
Bagrut  Exam Score 
(1-100 points)
Magen Score 
(1-100 points)
Failed a Bagrut  Exam 
(1=yes)
Mother’s Education 
(years)
Father’s Education 
(years)
Temperature 
(celsius)
Number of Siblings
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0.68 0.64 0.71 0.48 0.91
(0.47) (0.48) (0.45) (0.50) (0.28)
Post-Secondary Enrollment Rates
Any Post-Secondary 0.631 0.602 0.656 0.475 0.821
University 0.274 0.258 0.289 0.115 0.469
Academic Colleges 0.248 0.253 0.244 0.244 0.253
Teacher & Semi-eng. 0.070 0.063 0.076 0.078 0.059
Other2 0.046 0.036 0.055 0.046 0.047
Post-Secondary Schooling in Years
Any Post-Secondary 2.25 2.05 2.42 1.45 3.23
(2.15) (2.10) (2.18) (1.86) (2.08)
University 1.03 0.95 1.10 0.35 1.85
(1.90) (1.83) (1.95) (1.13) (2.28)
Academic Colleges 0.83 0.80 0.85 0.73 0.95
(1.47) (1.44) (1.50) (1.38) (1.57)
0.26 0.21 0.31 0.25 0.27
(0.87) (0.68) (1.00) (0.82) (0.92)
Adult Earnings
Monthly Wages 5,084 5,531 4,699 4,867 5,352
(3NIS 2010) (4,515) (5,198) (3,788) (4,053) (5,013)
Observations 55,796 26,158 29,638 30,668 25,128
Notes : Standard deviations are in parentheses. In Panel A, each observation represents a Bagrut exam. The
measure of pollution is particulate matter smaller than 2.5 microns, or PM2.5. The AQI value for each reading
is calculated from a formula that converts micrograms (µg/m3) into a 1-500 index value. Relative humidity is
the amount of moisture in the air as a share of what the air can hold at that temperature. 1The low and high
subsamples were based on being above or below the median of a student's average Magen score over all
subjects. In Panel B, each observation represents a student. The pollution and climate controls are averages
over a student's exams. Receiving a matriculation certificate is determined by a combination of the student's
average Bagrut and Magen score. 2The other programs include technical schools, non-academic colleges,
and smaller schools. 3Wages are repoted in monthly New Israeli Shekels ($1=3.6 NIS) and are taken for
2010 from the students who took Bagrut examinations between 2000 and 2002. The schooling and wage
outcomes were made available by the Israeli National Insurance Institute (Bituach Leumi). Each student's
record contains whether they matriculated at a post-secondary institution, and the number of years they were
enrolled at the institution.
Teachers & Semi-
engineering
Matriculation 
Certification Rate
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Pooled OLS
Controls City School
(1) (2) (3)
Bagrut Composite Score -0.67
(0.08)
-2.66
(0.13)
-1.64
(0.18)
Number of Bagrut Failures 0.081 0.197 0.106
(0.084) (0.011) (0.020)
Proportion of Bagrut Failures 0.008 0.027 0.015
(0.001) (0.002) (0.003)
Matriculation Certification -0.023
(0.002)
-0.053
(0.003)
-0.033
(0.005)
-0.009
(0.002)
-0.050
(0.003)
-0.031
(0.004)
-0.067
(0.009)
-0.236
(0.013)
-0.152
(0.018)
-120
(33)
-155
(33)
-109
(34)
Table 3.2
Reduced Form Effect of Particulate Matter On Post-Secondary 
Education and Adult Earnings
Fixed Effects
Completed Years of Post-
secondary Education
Average Monthly Earnings 
(NIS)
Notes : Each cell in the table represents a separate regression. The table reports 
the relationship between average PM2.5(AQI) during the Bagrut and the listed 
outcome, estimated using the student-level sample described in Table 3.1. 
All regressions include suppressed controls for average temperature and 
humidity during the Bagrut , mother's and father's years of schooling, sex, and 
age in 2010. The coefficients are reported per 10 units of AQI. Standard errors 
are clustered at the school level, are heteroskedastic-consistent, and are 
reported below the coefficients in parentheses.
Enrolled in  Post Secondary 
Institution (1=yes)
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Pooled OLS
Controls City School
(1) (2) (3)
        
First Stage -6.66 -26.57 -16.38
(0.84) (1.27) (1.85)
Reduced Form -1528 -1203 -1073
(324) (327) (341)
2SLS 229 45 66
(147) (13) (21)
Matriculation Certification 0.034 0.020 0.020
(0.011) (0.002) (0.002)
0.016 0.019 0.019
(0.006) (0.002) (0.002)
0.105 0.089 0.092
(0.026) (0.006) (0.009)
Panel C: Estimated Return to Post-Secondary Education using PM 2.5 (AQI) as an IV
First Stage -0.67 -2.36 -1.52
(0.09) (0.13) (0.18)
Reduced Form -1548 -1199 -1093
(326) (331) (344)
2SLS 2278 509 707
(1343) (139) (219)
Table 3.3
The Economic and Academic Return to the Bagrut Composite Score
Fixed Effects
Enrolled in  Post Secondary 
Institution (1=yes)
Panel A: Effect of the Bagrut Composite Score on Adult Earnings using 
PM 2.5 (AQI) as an IV
Panel B: Effect of the Bagrut Composite Score on Follow Up Academic Outcomes 
using PM 2.5 (AQI) as an IV
Notes : Each cell in the table represents a separate regression. The regressions are 
estimated in the same manner as those reported in Table 3.2. In Panel A, we present 
2SLS models of the relationship between the Bagrut Composite Score and Adult 
Earnings using PM2.5(AQI) as an instrumental variable. In Panel B, we present 2SLS 
models of the relationship between Bagrut Composite Score and other academic 
outcomes, using PM2.5(AQI) as an instrumental variable. In Panel C, we estimate the 
implied return to post-secondary schooling using PM2.5(AQI) as the instrument. 
Standard errors are clustered at the school level, are heteroskedastic-consistent, and  are 
reported below the coefficients in parentheses.
Completed Years of Post-
secondary Education
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Boys Girls Low High Low High
(1) (2) (3) (4) (5) (6)
Panel A: Effect of the Bagrut Composite Score on Adults Earnings using PM 2.5 (AQI)  as an IV
First Stage -19.72 -13.69 -6.61 -12.15 -13.22 -21.10
(2.65) (1.94) (1.84) (1.65) (1.98) (2.52)
Reduced Form -1,540 -810 -530 -1,510 -747 -2,205
(495) (421) (352) (622) (288) (734)
2SLS 78 59 80 124 56 105
(27) (30) (58) (51) (24) (32)
Panel B: Effect of the Bagrut Composite Score on Follow up Academic Outcomes
0.017 0.025 0.032 0.011 0.023 0.015
(0.002) (0.003) (0.008) (0.004) (0.003) (0.002)
0.018 0.020 0.029 0.019 0.021 0.013
(0.002) (0.003) (0.008) (0.004) (0.003) (0.002)
0.087 0.108 0.108 0.118 0.096 0.085
(0.010) (0.014) (0.030) (0.015) (0.013) (0.010)
Notes : Each cell in the table represents a separate regression. The regressions are estimated in the same manner as 
those reported in Table 3.2. Student quality is determined by whether the student's average Magen score was 
above or below the median. High SES is defined as children whose father was above the median level of education. 
Matriculation 
Certification
Enrolled in  Post 
Secondary 
Institution (1=yes)
Completed Years 
of Post-secondary 
Education
Table 3.4
Heterogeneity in the Economic and Academic Return to the Bagrut Composite Score
By Socio-Economic 
Status By Sex By Student Quality
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Boys Girls Low High Low High
(1) (2) (3) (4) (5) (6)
First Stage -0.17 -0.14 -0.08 -0.13 -0.13 -0.17
(0.02) (0.02) (0.02) (0.03) (0.02) (0.03)
Reduced Form -1,559 -839 -521 -1,568 -743 -2,251
(498) (428) (355) (617) (288) (747)
2SLS 888 564 698 1,131 580 1,264
(296) (265) (484) (454) (235) (405)
Notes :  Each cell in the table represents a separate regression. Standard errors are clustered by school. Each 
estimate is in terms of a single year of additional post-secondary schooling, and the instrument is PM2.5(AQI). 
Student quality is determined by whether the student's average Magen score was above or below the median. 
High SES is defined as children whose father was above the median level of education. Standard errors are 
heteroskedastic-consistent and are reported below the coefficients in parentheses.
Table 3.5
Heterogeneity in the Estimated Return to Post-Secondary Education
By Socio-Economic 
Status By Sex By Student Quality
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Pooled OLS School Fixed Effects
Variable (1) (2)
0.00 0.10
(0.00) (0.00)
0.10 0.40
(1.00) (0.50)
0.30 -0.10
(1.00) (0.60)
0.60 0.30
(0.30) (0.10)
0.00 0.00
(0.00) (0.00)
0.00 0.00
(0.00) (0.00)
0.00 0.00
(0.00) (0.00)
Observations 54,294 54,294
Father’s Education 
Mother’s Education 
Number of Siblings
Table A3.1
Balancing Tests: Assessing the Relationship between 
Students' Characteristics and Pollution
Female 
(1=yes)
Sephardi 
(1=yes)
Father Born in Israel 
(1=yes)
Notes : Each cell in the table represents a separate regression, where 
the dependent variable is PM2.5(AQI) and the independent variable 
is the covariate listed in the row. The regressions are estimated in 
the same manners as those presented in Table 3.2.
Ashkenazi 
(1=yes)
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No controls Controls City School
(1) (2) (3) (4)
Panel A: All Students
-0.80 0.90 -0.40 1.70
(2.90) (2.80) (3.50) (2.10)
Panel B: By Sex
Boys -0.90 0.30 -2.40 -0.70
(3.40) (3.50) (4.50) (2.80)
Girls -1.20 1.30 0.90 4.00
(2.80) (3.00) (3.60) (2.40)
Panel C: By Student Quality
2.60 3.30 0.20 2.60
(2.50) (2.50) (3.30) (2.30)
1.30 1.40 1.10 2.30
(1.10) (1.10) (1.60) (1.30)
Panel D: By Socio-Economic Status (SES)
Low SES -2.10 0.80 1.00 1.30
(2.90) (3.00) (3.50) (2.30)
High SES 1.10 0.10 -1.30 2.20
(3.00) (2.80) (4.10) (2.80)
Notes : Each cell in the table represents a separate regression. The regressions are 
estimated in the same manners as those presented in Table 3.2. Student quality 
is determined by whether the student's average Magen score was above or below 
the median. High SES is defined as children whose father was above the median 
level of education. Standard errors are heteroskedastic-consistent and are 
reported below the coefficients in parentheses. 
Table A3.2
Relationship Between Particulate Matter Exposure During Previous 
Exams and Average Bagrut Scores at Conclusion of 12th Grade
Pooled OLS Fixed Effects
Low Achievement 
Students
High Achievement 
Students
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City School City School
(1) (2) (3) (4)
Universities
-0.030
(0.004)
-0.037
(0.004)
Academic Colleges 0.002
-0.049
(0.007)
-0.054
(0.007)
-0.009
(0.004) (0.003)
-0.235
(0.031)
-0.222
(0.029)
-0.041
(0.013)
-0.153
(0.018)
-0.157
(0.018)
-0.004
(0.010)
0.001 0.012 0.006
(0.003) (0.002) (0.007) (0.005)
Notes : Each cell in the table represents a separate regression. In each regression, the dependent 
variable is either enrollment (columns 1 and 2) or years of schooling (columns 3 and 4) at the 
listed academic type. The depdent variable is the average PM2.5 (AQI) exposure during the 
student's Bagrut examinations. The regressions are estimated with the same controls as those 
presented in Table 3.2, and the coefficients are reported per 10 units of PM2.5 (AQI). The column 
title reports whether fixed effects are included at the city or school level. Standard errors are 
heteroskedastic-consistent and are reported below the coefficients in parentheses. 
Table A3.3
Particulate Matter's Impact on Post-Secondary Schooling by Type
 LHS: Enrolled in Post-
Secondary Institution (1=yes)
LHS: Completed Years of Post-
Secondary Education
All Post-Secondary 
Institutions
Teacher and Semi-
engineering
0.004
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School Student School Student
(1) (2) (3) (4)
Panel A: By Sex
Boys -0.10 -0.08 -5.33 -4.10
(0.01) (0.01) (0.82) (0.87)
Girls -0.04 -0.02 -0.66 -0.38
(0.01) (0.01) (0.80) (0.83)
Panel B: By Student Quality
-0.08 -0.06 -3.86 -3.49
(0.01) (0.01) (1.04) (1.10)
-0.03 -0.03 -0.93 -0.76
(0.01) (0.01) (0.57) (0.68)
Panel C: By Socio-Economic Status (SES)
Low SES -0.07 -0.05 -2.76 -2.07
(0.01) (0.01) (0.74) (0.77)
High SES -0.06 -0.04 -2.40 -1.66
(0.01) (0.01) (0.86) (0.93)
Notes : Each cell in the table represents a separate regression. The regressions are 
estimated in the same manners as those reported in Table 3.2. Student quality 
is determined by whether the student's average Magen score was above or below 
the median. High SES is composed of children whose father was above the median 
level of education in the sample. The column title reports whether fixed effects are 
included at the school or student level. Standard errors are heteroskedastic-
consistent and are reported below the coefficients in parentheses. 
Table A3.4
Heterogeneity in the Impact of PM2.5 on Bagrut Test Scores
PM2.5 (AQI Index) PM2.5 (AQI >=101) 
High Achievement 
Students
Low Achievement 
Students
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Conclusion 
This thesis examined the relationship between pollution exposure, student exam 
performance, and long run academic and economic outcomes. The first two chapters demonstrate 
that exposure to ambient and indoor air pollution has a statistically and economically significant 
effect on student performance. The last chapter analyzes whether the exogenous variation in 
scores generated by ambient air pollution has long-term consequences. The analysis suggest that 
pollution exposure during the exams leads to significant declines in post-secondary education 
and earnings, indicating that even random variation in test scores can influence a student's 
academic path and earnings potential.  
The results highlight how heavy reliance on noisy signals of student quality can lead to 
allocative inefficiency. The mis-ranking of students due to variability in pollution exposure could 
result in poor assignment of workers to different occupations and reduce labor productivity.
 
While it is beyond the scope of this thesis to consider the aggregate efficiency loss associated 
with the current system, the reduced form evidence suggests that a structural approach could 
more precisely quantify the costs in foregone productivity due to worker misallocation, and these 
may be quite large. Furthermore, the results for the Bagrut may represent a "lower bound" on the 
negative consequences of high stakes exams; while the Bagrut is given over a series of days, 
enabling students to recover from a single poor performance, many high stakes exams (e.g. 
SATs) are administered on a single day, where random factors could materially affect a student’s 
future. The findings lend empirical support for the concern voiced by officials in the US 
regarding the reliance of the SATs for college admissions, and suggest that more stable measures 
of student quality should be given greater weight (Lewin 2014). Policymakers should consider 
adopting strict standards on exam days in the spirt of fairness to test-takers, and in order to 
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reduce the noise in this important measure of student quality. Finally, the demonstrated link 
between pollution and cognitive performance also implies that a narrow focus on traditional 
health outcomes may understate the true cost of pollution as mental acuity is essential to 
productivity in most professions. 
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